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Dear Program Committee,
We thank the reviewers for their time and constructive feedback. The feedback has been valuable for clarifying key points and improving
our work. We summarize all improvements and clarifications for our resubmission below:

Major Changes
• Addressed Visual Illustration Clarity for Multimodality Improvements:We revised the original Figure 4 in our paper with

clearer captions and expanded it to show the score distributions of cases with positive RCI label for modality-specific subsets and
the full test set. We included a subset relationship diagram for better clarity. We updated this figure to more clearly demonstrate
the performance gains when incorporating additional modalities intoMatchLite, and show specifically that including additional
modalities improves the predictive power of the model.

• Included Comprehensive Knowledge Distillation Ablation Results:We added Table 5 & Table 6, which contain additional
ablation experiments for different Knowledge Distillation hyperparameters and further analyze the effects of different Knowledge
Distillation settings in Section B.3.

• Addressed NTP Experiment AP Results: We updated the NTP results in Table 3 using the prediction logits softmaxed over
the given options in our multiple choice task to compute AP and F1 and updated the implementation details of this in section B.1
accordingly.

• Added Standard Deviation Measures as Indicator of Result Stability:We carried out additional experiments with different
random seeds and added standard deviation estimates forMatchLite’s (with Knowledge Distillation) andMatchLM’s AP and F1
under section 4.3, exemplifying the stability of our results.

• Clarified Variations in Visual-only Baseline across Dataset Subsets:We clarified that different subsets of our test-set whose
labels are influenced specifically by different audio/text reasons were isolated from the full test-set. This was done intentionally to
illustrate that the addition of relevant modalities can help improve MatchLite’s predictive power relative to the visual-only baseline in
each of these cases. As these are subsets with different labelling reasons, they naturally give rise to slightly different but comparable
visual-only baseline values.

• Supplement Dataset Details:We updated section 4.1 with size of dataset and percentage of reproduced video pairs.
• Supplement Model Details:We updated Appendix D.1 and section D.2 with learning rate, optimizer and scheduler details.
• Addressed Generalization Concerns on In-House Datasets: We updated section 4.4 with details on performance of Match2Lite

on other in-house video deduplication and live-stream deduplication datasets, exemplifying the generalizability of the improvements
from our Match2Lite System across multiple datasets.

• Supplemented Online Deployment Details:We updated section 5.1 with details on the latency of our upstream retrieval pipeline,
MatchLite latency and the entire end-to-end pipeline latency, as well as the average and peak QPS that our systems handles.

Minor Corrections
• We added a clear y-axis to Figure 5 and clarified the description and motives for experimental results.
• We fixed a small error in Table 2: MatchLM+’s F1 score is 79.12, not 78.53. The performance increment stated in 4.3 was updated

accordingly.
• We added an additional baseline performance using video copy segment localization model TransVCL to Table 1.
• We rearranged Related Works Section 2 to before our methodology and experiments to improve readability and coherence.
• We revised the manuscript to address grammatical issues and refine the writing, thereby improving clarity and flow.
• We simplified the results in Table 2 by combining results from Data Size with the results from additional In-house Task Pretraining

into a single section.
• We reordered the sections in Section 4: Experiments for better readability and shift the training details to the Appendix D.
• We made minor edits in our figures for greater clarity and neatness.
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Abstract
Content moderation is critical for online video platforms to ensure
content safety, protect creators, and sustain positive user experi-
ences. Beyond filtering harmful content, platforms must guarantee
content authenticity at scale so that users are exposed to diverse,
original videos rather than low-value reproductions. We present
MatchLM2Lite, a real-time, production-grade reproduced content
identification (RCI) system that leverages the powerful understand-
ing of a multimodal large language model (MLLM) distilled into a
small and fast-inference model. Our system jointly models video,
audio, and text signals, operating on pairs of videos to produce fine-
grained reproduction scores. The system comprises two modules,
MatchLM andMatchLite, and a two-stage training recipe. First,
our high-capacity MLLM, MatchLM, serves as a teacher model to
define the upper bound of RCI performance. Its capabilities are
then distilled into a compact student model, MatchLite. This design
allows MatchLite to deliver low-latency, high-throughput infer-
ence on video pairs while preserving much of MatchLM’s accuracy,
making it suitable for integration into real-time recommendation
systems. MatchLM achieves an F1-score improvement of +8.57
compared to our previous production model. After knowledge dis-
tillation, MatchLite retains a +6.55 gain in F1-score while reduc-
ing computational cost by 35x. Deployed at scale, MatchLM2Lite
enables efficient, pairwise multimodal RCI, stably serving online
traffic at high queries per second (QPS) with an end-to-end latency
below 30 seconds. This system has reduced the reproduced video
view rate on our platform by 2.5% without degrading user engage-
ment, demonstrating its effectiveness in a large-scale production
environment.

∗Equal contribution.
†Project lead.
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1 Introduction
Content moderation has become a crucial concern for ensuring
video quality and user experiences on short video platforms such
as Instagram Reels, Pinterest, TikTok, and Kuaishou, to provide
healthy and creative content while reducing harmful and low-
quality content [30, 54].

Content authenticity protection is a key part of content modera-
tion, aiming to reduce the spread of copied or minimally modified
videos. These efforts protect the rights of content creators, enhance
content diversity, improve recommendation quality, and contribute
to a more sustainable and safe ecosystem.

The core technical challenge is reproduced content identification
(RCI) which refers to the identification of variants modified by trim-
ming, filtering, or editing between query and candidate videos. It
requires joint modeling of paired videos across multiple modalities
to capture detailed similarities and overall semantic information.
Existing methods mainly rely on embedding-based similarity using
visual encoders [12, 13, 18, 19], ignoring key text and audio signals
which users engage with when watching short videos.

To address these limitations, we propose aMatchLM2Lite frame-
work consisting of a high-capacity multimodal large language
model MatchLM, for setting a strong reference point for model
performance, along with a lightweight multimodal modelMatch-
Lite, for real-time serving. Both models jointly encode visual, audio
and text, enabling stronger cross-modal interactions.

We train this framework in a two-stage approach. In the first
stage,MatchLM andMatchLite are trained in a supervisedmanner
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(a). MatchLM2Lite framework
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Figure 1: Overall design of MatchLM2Lite (a). MatchLM2Lite Framework involves two stages of training: Stage 1 - Teacher
& student trained separately with GT labels. Stage 2 - Freeze teacher; train student with supervised + distillation losses; (b).
Knowledge Distillation. Student learns from frozen MLLM via cosine embedding loss and KL divergence on logits, along with
standard cross-entropy loss; (c). Workflow of MatchLM & MatchLite.

using labeled data. In the second stage, MatchLM is frozen and
acts as a "teacher" to distill its knowledge intoMatchLite [53]. This
distillation process enables MatchLite to inherit the capabilities of
MatchLM with strong cross-modal alignment and rich semantic
representation, while maintaining its compact architecture suitable
for large-scale production deployment.

We validate the proposedMatchLM2Lite framework through
extensive offline experiments and online A/B testing on a large-
scale, real-world short video platform. It shows strong effectiveness
in production content governance workflows, with full-scale de-
ployment supporting a throughput of over 3k requests per second.

Our key contributions are as follows:

• We introduce a unified multimodal framework for repro-
duced content identification, formulating and modeling it
as a video pair matching problem across three modalities:
visual, audio, and text. We apply joint encoding and align-
ment of multimodal signals to enable robust reproduced
content identification.

• Wedesign aMatchLM2Lite system that consists of aMLLM-
based teacher model (MatchLM) with a lightweight stu-
dent model (MatchLite) for efficient real-time deployment.
MatchLM learns rich cross-modal representations for clas-
sification, while MatchLite maintains semantic alignment
and efficiency through knowledge distillation.

• Wedeploy our approach at scale on our short video platform
and achieve consistent improvements in both offline and
online settings. Compared to our prior production model,
MatchLM achieves an F1 improvement of +8.57;Match-
Lite achieves an F1 of +6.55 after knowledge distillation.
Online A/B tests show a 2.5% reduction in reproduced con-
tent views, demonstrating production effectiveness.

2 Related Works
2.1 Content Moderation
Content moderation is crucial for shielding users from harmful
content and protecting creators from plagiarism [2, 36, 37]. Human-
based content moderation demand significant human labor [6], can
cause emotional distress through exposure to large amounts of
toxic/harmful content [43], and is susceptible to biases affecting
fairness and consistency [32]. Model-driven moderation can allevi-
ate both economic and psychological costs of human moderation
while enhancing the safety and quality of online content. Previous
works have employed Neural Networks for toxic-content detec-
tion [10, 21, 42, 46], as well as localization modules for video-copy
detection [12, 13, 29]. Online systems typically engage large-scale
retrieval systems such as [9], which are used to find candidate
matches for a given query. This generates paired samples which
then need to be evaluated for content duplication [13], reproduction,
or other policy-dependent violations.

2.2 Multi-Modal Interaction with LLMs
The development of multi-modal large language models (MLLMs)[1,
22, 24, 25, 50] have employed various alignment techniques to inte-
grate both visual and textual inputs, thereby enhancing video com-
prehension in conjunction with language. LLaVA-One-Vision [22] is
among one of the top performing open-source MLLMs which lever-
ages the pre-trained Qwen-2 [55] language backbone and SigLIP
[56] vision encoder. However, most existing powerful MLLMs are
pretrained on only one or a limited set of modalities, such as lan-
guage, or vision-language. Meanwhile, existing small audio models
such as Whisper [38] and related works [4, 33, 34, 47, 49] focus
narrowly on specific audio domains like human speech or natural
sounds [7]. Efforts have aimed to extend MLLMs to handle diverse
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audio inputs, by injecting audio information into pretrained back-
bones. QwenAudio [5] integrates diverse audio signals through
an early-fusion approach to encode audio embeddings into a large
language model. AudioPaLM [40] utilizes weights from a text-based
model and fuses this with audio-based models to improve speech
processing. Video-LLaMA [58] utilizes separate branches for dif-
ferent modalities and leverages existing pretrained embeddings
from ImageBind [11] to learn visual-audio-language correspon-
dence. Qwen-Omni [51] [52] similarly integrates audio, visual and
text modalities and trains an end-to-end MLLM to achieve holistic
perception capabilities. These works demonstrate success in lever-
aging pretrained large vision-language model weights to improve
performance in additional modalities.

2.3 Industrial Applications
Recent works have explored the potential of MLLMs for tasks
such as recommendation and content moderation. For example,
NoteLLM2 [57] proposes joint end-to-end finetuning of existing
LLMs and vision encoders to create strong multi-modal embeddings
of visual and text content, which is utilized in their content recom-
mendation systems. Similarity, QARM [31] extends this approach
by incorporating audio information into their MLLM, further en-
hancing recommendation capabilities. Kuaishou also demonstrated
that vision-language models can serve as effective online content
moderators [30], highlighting the versatitilty of MLLMs in diverse
business applications.

2.4 Knowledge Distillation
One disadvantage of using MLLMs is their large size and high
latency which is heavily resource consuming. Knowledge distilla-
tion [15] can distill the knowledge from large, cumbersome models
down smaller sized models more suited to production environments.
Previous works have shown that large LLM/MLLMs can serve as ef-
fective teachers to teach both smaller-scale LLM/MLLMs [3, 44, 45],
or other small models [20], achieving performance surpassing the
student model itself. The predicted target distributions from the
teacher can be directly used as a loss objective for the predicted
distributions for the student. [41].

3 Methodology
The main challenge of reproduced content identification lies in
detecting a variety of modifications between paired videos while
avoiding penalizing the non-copied videos (false positives). Existing
solutions for reproduced video detection typically utilize a visual
encoder and focus only on matching visual similarities [12, 13].
As RCI is an internal task based on specific policies, no similar
public benchmarks exist. Some previous in-house solutions for this
task propose multi-tower retrieval frameworks that separate each
modality into standalone recall pipelines with late-stage fusion
modules. However, this design leads to greater system complexity,
higher serving latency, and also weakens cross-modal alignment.

3.1 MatchLM2Lite Training Framework
To address these limitations, we propose theMatchLM2Lite frame-
work to balance accuracy and efficiency. In this section, we intro-
duce the architectural design of MatchLM andMatchLite and the

end-to-end two stage training recipe for the framework, as illus-
trated in Figure 1 (a). In first stage training, both MatchLM and

LLM (LoRA)

Query Video Candidate Video

Last Token Hidden States

Class Head

Text Token

Audio Token

Visual Token
Legend

Figure 2: MatchLM architecture design. Query and candidate
video embeddings are interleaved and fed into the LLM. The
final hidden state of the last token serves as the video repre-
sentation, followed by a classification head for prediction.

MatchLite are trained for paired video matching across modalities
and are independently finetuned with supervised ground-truth la-
bels. MatchLM adopts an early-fusion strategy by transforming
visual frames, audio, and accompanying text into token sequences
and uses multimodal projectors for modality alignment. The token
sequences are then processed by an LLM backbone fine-tuned via
LoRA [16].MatchLite uses efficient multimodal encoders to extract
and fuse modality-specific features, as shown in Figure 1 (c).

In the second stage, knowledge distillation is performed to trans-
fer the learned multimodal semantic representations of MatchLM
toMatchLite. Specifically,MatchLM parameters are frozen, while
MatchLite is further trained using a combination of distillation
loss and supervised classification loss, leveraging the pretrained
checkpoints from stage one, as shown in Figure 1 (b). More details
are provided in section 3.4.2.

3.2 MatchLM Architecture Design
We build MatchLM upon LLaVA-One-Vision (0.5B) (LLaVA-OV)
[22]: the architecture incorporates SigLIP as the visual encoder and
leverages Qwen2 as the LLM backbone. We extend the model to
simultaneously process audio [5, 58].

We begin with separate encoding strategies for each modality
to obtain their respective token representations. For the visual
and text modalities, we adopt the default LLaVA-One-Vision [22]
pipeline, where video frames are sampled at fixed intervals, encoded
via SigLip-So400m-Patch14-384 [56], and injected into the LLM
through the original vision-to-language projector.

To incorporate audio, inspired by QwenAudio [5], we use the
Whisper-small [38] encoder to extract high-level representations
from raw audio. The input audio is sampled at 16kHz and trans-
formed into 80-dimensional log-mel features, fromwhichwe extract
1500 audio tokens per video. A special <audio> token is inserted to
denote the position of the audio embeddings in the input sequence.
Additionally, a learnable audio saliency weighting layer is used to

3
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further aggregate the sequence of audio tokens into a single audio
token. Instead of using Q-Former [23, 27, 58] as a modality bridge
like in Video-LLaMA [58], we follow the same design in LLaVA-
One-Vision to use a lightweight MLP projector [22, 27] to map audio
tokens to the same embedding dimension as text and visual input
embeddings. The final input to the LLM consists of interleaved to-
kens from all modalities, beginning with task-specific prompts. To
enable pairwise video comparison, we extend the standard MLLM
input format to support two-video inputs—a query video and a
candidate video—within a single forward pass, as shown in Figure 2.
The input sequence is constructed as:

Prompt + [Video1] + [Audio1] + [Video2] + [Audio2] .

We utilize the MLLM model as a paired video representation
extractor [26, 59] rather than as a next-token prediction generative
model. This design enables direct use of rich semantic embeddings
for discriminative classification and helps effectively distill knowl-
edge into a lightweight MatchLite model. Specifically, we use the
final hidden state corresponding to the last token as the paired video
representation [8]. On top of the LLM output, we append a light-
weight classification head. The representation is passed through a
shared projection layer followed by task-specific output layers.

This structure supports various content reproduction classifi-
cation tasks while maintaining low inference cost. We use cross-
entropy loss for each task and aggregate them as the final multi-task
classification objective:

Lclass =

𝑇∑︁
𝑡=1
L (𝑡 )CE (1)

In practice, this consists of the main RCI task prediction layer
alongside other auxiliary task prediction layers for sublabels (e.g.
subtitles) which are discarded at inference time.

3.3 MatchLite Architecture Design
Next, we focus onMatchLite, the lightweight student model de-
signed for efficient deployment. As shown in Figure 1 (c),Match-
Lite consists of three main modules: Multimodal Perception, Paired
Feature Fusion, and a Compact Decision Module.

The Multimodal Perception Module utilizes pretrained, frozen
encoders—Swin Transformer [28] for vision, Sentence-BERT [48]
for text, and Whisper-small [38] for audio. Modality-specific fea-
tures 𝑓 for each video 𝑉𝑥 (𝑥 ∈ {𝑞, 𝑐}), are extracted yielding 𝑓 𝑣𝑥
(visual), 𝑓 𝑡𝑥 (text), and 𝑓 𝑎𝑥 (audio), where 𝑞 denotes query and 𝑐 de-
notes candidate. To further enhance visual representations, we em-
ploy a modality mutual injection mechanism based on bidirectional
cross-attention (BiXT) [14], which produces four mixed-modality
embeddings for each video:

[𝑓 𝑣𝑡𝑥 , 𝑓 𝑡𝑣𝑥 ] = BiXT(𝑣↔𝑡 ) (𝑓 𝑣𝑥 , 𝑓 𝑡𝑥 ),

[𝑓 𝑣𝑎𝑥 , 𝑓 𝑎𝑣𝑥 ] = BiXT(𝑣↔𝑎) (𝑓 𝑣𝑥 , 𝑓 𝑎𝑥 ), (2)

where 𝑓 𝑣𝑡𝑥 , 𝑓 𝑡𝑣𝑥 , 𝑓 𝑣𝑎𝑥 , and 𝑓 𝑎𝑣𝑥 denote the mixed-modality embeddings
for video 𝑉𝑥 . The process is shown in Figure 3 (a).

The Paired Feature Fusion Module jointly processes the fea-
tures of the query and candidate videos. For each modality𝑚 ∈
𝑣, 𝑣𝑎, 𝑣𝑡, 𝑎, 𝑎𝑣, 𝑡, 𝑡𝑣 , we collect the corresponding pair of features

Query 
Feature

Candidate
Feature

Feature
similarity
matrix

generator

Reshape

...

Dense pairing

Visual Feature
enhancement

Concat

Compact
Decision
Module

Text emb

Visual emb

Audio emb

Mix-modality emb

Candidate video emb

Query video emb

BiXT BiXT
Modality 

Mutual Injection

Encoder

Input

(a). Multimodal Perception Module

(b). Paired Feature Fusion Module

ft fv fa

favfvaftvfvt

Figure 3: Main modules of MatchLite. (a). Multimodal Per-
ception Module: Frozen encoders extract modality-specific
features. BiXT applies bidirectional cross-attention between
modality pairs; (b). Paired Feature Fusion Module: Computes
cosine similarity between query-candidate feature pairs. Vi-
sual features are further fused via lightweight CNNs. All
outputs are concatenated for final decision.

[𝑓𝑚𝑞 , 𝑓𝑚𝑐 ]. For visual-related modalities (𝑚 ∈ 𝑣, 𝑣𝑎, 𝑣𝑡 ), a dense pair-
wise tensor

𝐷𝑚
𝑖,𝑗 = Concat(𝑓𝑚𝑞,𝑖 , 𝑓𝑚𝑐,𝑗 )

is constructed and passed through several CNN layers to obtain en-
hanced pairwise features 𝐸𝑚 . In parallel, cosine similarity matrices

𝑆𝑚𝑖,𝑗 = cosine(𝑓𝑚𝑞,𝑖 , 𝑓𝑚𝑐,𝑗 )

are computed for all modalities. All enhanced feature maps 𝐸𝑚
and similarity matrices 𝑆𝑚 are concatenated as F for downstream
processing. The overall procedure is summarized in Algorithm 1.

All fused features F are passed to a lightweight ResNet-34-based
Compact Decision Module, which produces the final multimodal
representation for classification. A multi-task classification head
further supports multiple downstream tasks, shown in Figure 3 (b).

3.4 Two-Stage Training Recipe
3.4.1 Stage 1: Supervised training. We train the MatchLM and
MatchLite independently using standard supervised training for
paired video classification using the same training data and task
objectives, as shown in Figure 1 (a). The supervision loss is for-
mulated as the sum of cross-entropy losses across all downstream
classification tasks, shown as Equation 1.

3.4.2 Stage 2: Knowledge distillation. AlthoughMatchLM achieves
strong performance, deploying it at scale will incur significant GPU
overhead. Therefore, to improve efficiency during deployment, we
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Algorithm 1: MatchLite reproduced content identification
Input: Query video 𝑉𝑞 , Candidate video 𝑉𝑐
Output:Match score 𝑠

1 // Multimodal Perception
2 Initialize O = ∅;
3 for each 𝑥 ∈ {𝑞, 𝑐} do
4 𝑓 𝑣𝑥 ← Encoder(𝑣) (𝑉 𝑣

𝑥 );
5 𝑓 𝑡𝑥 ← Encoder(𝑡 ) (𝑉 𝑡

𝑥 );
6 𝑓 𝑎𝑥 ← Encoder(𝑎) (𝑉 𝑎

𝑥 );
7 [𝑓 𝑣𝑡𝑥 , 𝑓 𝑡𝑣𝑥 ] ← BiXT(𝑣↔𝑡 ) (𝑓 𝑣𝑥 , 𝑓 𝑡𝑥 );
8 [𝑓 𝑣𝑎𝑥 , 𝑓 𝑎𝑣𝑥 ] ← BiXT(𝑣↔𝑎) (𝑓 𝑣𝑥 , 𝑓 𝑎𝑥 );
9 for each modality𝑚 ∈ {𝑣, 𝑣𝑎, 𝑣𝑡, 𝑎, 𝑎𝑣, 𝑡, 𝑡𝑣} do
10 𝑜𝑚 = [𝑓𝑚𝑞 , 𝑓𝑚𝑐 ];
11 Append 𝑜𝑚 to O;

12 // Paired Feature Fusion
13 Initialize E = ∅, S = ∅;
14 for each 𝑜𝑚 ∈ O do
15 [𝑓𝑚𝑞 , 𝑓𝑚𝑐 ] = 𝑜𝑚 ;
16 if 𝑚 ∈ {𝑣, 𝑣𝑎, 𝑣𝑡} then
17 𝐷𝑚

𝑖,𝑗 = Concat
(
𝑓𝑚𝑞,𝑖 , 𝑓

𝑚
𝑐,𝑗

)
, 𝑖 ∈ [1, 𝑀], 𝑗 ∈ [1, 𝑁 ];

18 𝐸𝑚 = ResBlockConv(𝐷𝑚);
19 Append 𝐸𝑚 to E;
20 𝑆𝑚𝑖,𝑗 = CosineMap(𝑓𝑚𝑞,𝑖 , 𝑓𝑚𝑐,𝑗 );
21 Append 𝑆𝑚 to S;
22 F = Concat(E, S);
23 // Compact Decision
24 𝑧 = ResNet34 (F );
25 𝑠 =MultiTaskHead(𝑧);
26 return 𝑠;

adopt a knowledge distillation strategy MatchLM2Lite to transfer
its capabilities toMatchLite, as illustrated in Figure 1 (b). We apply
both embedding distillation and logit distillation.

For embedding-level distillation, we extract the final hidden
state of the last input token from MatchLM as a unified paired
video-level representation as well as the last embedding state from
MatchLite. A learnable projection head is applied to the MLLM
outputs to transform it into the dimension of the student embed-
dings. We then minimize the cosine distance between the student
representation z𝑠 and the teacher representation z𝑡 :

Lemb = 1 − cos(z𝑠 , z𝑡 ) = 1 − z𝑠 · z𝑡
|z𝑠 | |z𝑡 |

(3)

For logit distillation, we apply a Kullback–Leibler (KL) diver-
gence loss to align the predictive distributions between MatchLM
andMatchLite, on the softmax of their predicted logits.

Llogits = KL
(
𝜎

(p𝑡
𝑇

) ���𝜎 (p𝑠
𝑇

))
(4)

Here, 𝜎 (·) denotes the softmax function.
Our two-part distillation loss combines both embedding-level

and logit-level training objectives and is given by:

Ldistill = Lemb + Llogits (5)

Finally, the overall training objective linearly combines the dis-
tillation loss with the task-specific classification loss:

Ltotal = 𝜆 · Ldistill + Lclass (6)

We set the weighting coefficient 𝜆 = 1.5 to strengthen the influ-
ence of distillation versus classification during training.

4 Experiments
4.1 Dataset
We construct a multimodal, video-paired Reproduced Content Iden-
tification (RCI) dataset using videos from our platform. For this,
we leverage an in-house recall pipeline based on visual features.
We first sample a group of query videos, and recall the top 1 can-
didate video based on visual similarity for each query to form a
query/candidate pair. These pairs are sent for human-labeling to
obtain their final RCI label. In total, we obtain 0.8 million video
pairs with 4.77% being reproduced pairs.

To ensure comprehensive coverage, we curate our dataset by
generating query videos by 1) random sampling daily published
videos, which represent the common types of normal/reproduced
content, and 2) sampling from high engagement videos, which are
daily videos that have gone viral or pseudo-viral and thus garnered
higher popularity, which represent specialized cases of reproduced
content. This ensures that the dataset distribution accounts for both
the large majority of normal/reproduced content types as well as
those that with greater risk of being reproduced due to their high
user viewership.

We treat RCI as a binary classification task, and focus on the
following metrics: F1-score, Average Precision (AP), and recall at
precision 80% (R@P80). R@P80 is used as an important metric
to ascertain the expected proportion of reproduced content that
can be recalled after the model is deployed online. Our end goal
is to identify reproduced content with high precision and apply
suppression strategies on copied video content while also ensuring
minimal overkill (false positive) cases for the full platform traffic.

4.2 Preliminary Exploration
Weperform preliminary explorations to test the zero-shot capabilies
of existing open/close sourced models on our RCI task. We first
investigate powerful MLLMs including GPT-4o [35], Qwen2.5VL
[1] and LLaVA-OV [22], as well as the open-source TransVCLmodel
[12], which is one of the best models on the video-copy detection.
Despite these MLLMs having strong general multimodal capabil-
ities and TransVCL being pretrained on large-scale video copy-
localization data, all the models yielded relatively poor performance,
as shown in Table 1. Even when provided with the policy and task
description, zero-shot models are unable to reliably capture our
content-type-specific governance policy or adapt to fast-changing
content trends on the platform. These results motivate the need for
supervised finetuning on our in-house RCI training set.
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Table 1: Zero-shot evaluations on our RCI testset using ex-
isting models. For TransVCL, cls: uses the cls-token with a
linear layer as a classifier and localization: uses the detected
bounding box directly from TransVCL to assess whether the
video contains a duplicated segment.

Model Name Open sourced Modalities F1

TransVCL (cls) Y V 14.84
TransVCL (localization) Y V 15.17
GPT-4o N V+T 22.69
Qwen2.5VL 3B Y V+T 8.6
LLaVA-OV 0.5B Y V+T 12.2
+ SFT on in-house data Y V+T+A 77.25
Note: For GPT-4o we use model version gpt-4o-2024-11-20

4.3 Main Experiment Results
The results of ourmodel training on our RCI dataset are presented in
Table 2. As a baseline, we train a visual-only version of MatchLite,
without the use of the Multimodal Perception Module. We find that
incorporating audio and text modalities significantly improves upon
the visual only baseline model. We further perform data scaling
experiments to dive into the sample efficiency of the models and
show that in-house pretraining also boosts model performance.
Finally, by integrating Knowledge Distillation, we bridge the gap
in performance between the teacher MatchLM and the student
MatchLite. With all techniques applied, the final performances for
MatchLite is AP=82.45±0.09, F1=77.10±0.08 and forMatchLM is
AP = 86.21±0.078, F1=79.12±0.30 with standard deviation estimates
from 3 experimental runswith additional random seeds. The teacher
model,MatchLM outperforms theMatchLite in AP (+3.76) and
F1 (+2.02). Our training hyperparameter details can be found in
Appendix D.

Figure 4: Different subsets are isolated from the full test-
set to observe the performance gains due to the addition of
modalities. (a) For a subset whose labels are influenced by
audio, adding audio improves performance. (b) For a subset
whose labels are influenced by text, adding text improves
performance. (c) For the full test set, combining audio and
text yields the largest gains, while either modality alone still
outperforms the visual-only model. (d) Relationships among
the test subsets.

4.3.1 Additional Modality Studies. We investigate the benefits of
incorporating additional modalities and compare the performance
of MatchLite with 4 variants: 1) Baseline (Visual only MatchLite)
2) Visual + Audio MatchLite 3) Visual + Text MatchLite 4) Visual
+ Text + AudioMatchLite. As seen from Table 2, the inclusion of
any of the additional modalities like audio and text will improve the
performance of MatchLite, with the inclusion of the audio modal-
ity accounting for comparatively larger additional improvement
(+3.39 AP/+3.26 F1) than the inclusion of the text modality (+0.83
AP/+0.94 F1). Finally, adding all 3 modalities will yield the best
improvement of +3.68 AP/+3.56 F1. Similarly, for MatchLM we
observe a performance boost when incorporating audio modality
during training, accounting for an additional improvement of +3.99
AP/+2.27 F1.

To further analyze the impact of adding modalities, we extract
targeted subsets from the main test set and visualize the score dis-
tributions for each model. As shown in Figure 4, adding audio shifts
the score distribution in the positive cases audio-reason subset to-
ward higher reproduction scores, and adding text produces a similar
shift in the positive cases text-reason subset. Adding modalities
also shifts the distribution for the positive cases in the full test set
in the correct direction.

4.3.2 Data Scaling. Data scaling experiments were conducted on
MatchLite and MatchLM as shown in Table 2. MatchLM signifi-
cantly outperformsMatchLite with only 1/3 of the training data,
demonstrating that MatchLM is more sample efficient under data-
constrained conditions. More details are provided in Appendix B.4.
Additionally, we leverage pretrained model checkpoints trained on
other in-house content moderation tasks into both MatchLite and
MatchLM’s training and find an additional +2.21 AP/+0.37 F1 for
MatchLite and an additional +1.22 AP/+0.59 F1 forMatchLM.

4.3.3 Knowledge distillation. Resource constraints present a real
challenge when it comes to serving the full real-time traffic on our
video sharing platform. WhileMatchLM achieves the best perfor-
mance, it is significantly more resource intensive than MatchLite,
posing an important question of whether the return on investment
is justified when deploying this model for our full daily traffic vol-
ume. Taking this into consideration, we instead apply knowledge
distillation usingMatchLM as the teacher model and theMatch-
Lite as the student model.

Concretely, we perform knowledge distillation from MatchLM
to MatchLite via KL divergence on classification logits and cosine
distance loss on embeddings, both with 𝜆 = 1.5, yielding a +9.71%
recall at P80 as seen in Table 4. From our ablation studies, we
find that the benefits of knowledge distillation plateau at 𝜆 = 1.5.
Increasing further to 𝜆 = 2 yielded comparable results. Finally
we selected the model trained with 𝜆 = 1.5 for deployment as it
achieved the highest increase in AP (+1.86) and R@P80 (+9.71), with
its F1 marginally trailing the 𝜆 = 2 config by 0.2. Detailed ablations
and analysis on varyingL𝑒𝑚𝑏 andL𝑙𝑜𝑔𝑖𝑡𝑠 can be found in Appendix
B.3, along with visualisations of differences the learned features
maps in MatchLite with and without distillation.

A performance gap remains: the MatchLM achieves R@P80
of 75.92, with 9% higher recall than the distilled MatchLite. We
identify two possible reasons: (1) the feature backbones of the
MatchLite are frozen during serving to support shared feature
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Table 2: Experiment results on input modality, training data size, and knowledge distillation. We compare the results for
MatchLite and MatchLM across the integration of different modalities (visual/audio/text) and perform experiments using
different data scales. Finally, we show the improvements in performance when MatchLite is distilled from MatchLM. The
baseline model configuration is underlined, the best MatchLite configuration is bolded and ’+’ refers to the addition of in-house
task pretraining dataset

Setting Model Modality Data (%) AP F1

Modality

Baseline V

100

74.70 70.55

MatchLite
V + T 75.53 (+0.83) 71.49 (+0.94)
V + A 78.09 (+3.39) 73.81 (+3.26)

V + A + T 78.38 (+3.68) 74.11 (+3.56)

MatchLM V + T 100 81.00 76.26
V + A + T 84.99 (+3.99) 78.53 (+2.27)

Data Size

MatchLite V + A + T
33 77.08 72.84
66 78.14 (+1.06) 73.68 (+0.84)
100 78.38 (+1.30) 74.11 (+1.27)

MatchLite+ V + A + T 100+ 80.59 (+3.51) 74.48 (+1.64)

MatchLM V + A + T
33 82.63 77.53
66 83.15 (+0.52) 77.63 (+0.10)
100 84.99 (+2.36) 78.53 (+1.00)

MatchLM+ V + A + T 100+ 86.21 (+3.58) 79.12 (+1.59)

Distillation
MatchLite+ (w/o KD)

V + A + T 100+
80.59 74.48

MatchLite+ (w KD)* 82.45 (+1.86) 77.10 (+2.62)
MatchLM+ 86.21 79.12

Table 3: MatchLM Ablation Studies: We compare the effects of using Last Token Classification with Next Token Prediction
(NTP), Early audio fusion with Late audio fusion, Dynamic vs Static Frame Allocation and the difference in performance when
using Qwen2.5VL 3B backbone vs LLaVA-OV 0.5B.

MatchLM Model Objective Audio Fusion Frame Allocation AP F1

Qwen2.5VL 3B Last Token Cls Early Dynamic 83.38 77.45
LLaVA-OV 0.5B NTP Early Dynamic 83.13 77.81
LLaVA-OV 0.5B Last Token Cls Late Dynamic 83.51 77.65
LLaVA-OV 0.5B Last Token Cls Early Static 84.83 77.86
LLaVA-OV 0.5B Last Token Cls Early Dynamic 84.99 78.53

Table 4: Ablation study on Knowledge Distillation on the
best performing MatchLite+ (with the addition of in-house
task pretraining dataset): The effect of varying Llogits and
Lemb shows that performance improves and then plateaus
at Llogits=1.5 and Llogits=1.5.

Model Llogits Lemb AP F1 R@P80

MatchLite+ – – 80.59 74.48 57.21
MatchLite+ 1.0 1.0 81.95 76.75 64.26
MatchLite+ 1.5 1.5 82.45 77.10 66.92 (+9.71)
MatchLite+ 2.0 2.0 82.37 77.29 65.70
+ add In-house Task Pretraining

caching and minimize inference cost, which limits its ability to
learn new patterns effectively; and (2) MatchLite has significantly
fewer parameters than MatchLM, leading to lower representation
capacity even with Knowledge Distillation.

4.3.4 MatchLM Ablation Studies. To study the contribution of in-
dividual components in MatchLM, we conduct several ablation
experiments: (1) next-token prediction (NTP) formulated as a binary
multiple-choice task (reproduced vs. not reproduced) versus last-
token classification with a dedicated head; (2) early versus late audio
fusion; (3) dynamic versus static frame allocation (with padding to
60 seconds); and (4) replacing the MLLM backbone (Qwen2.5-VL
3B) with LLaVA-OV 0.5B under the best-performing configuration.
Results are summarized in Table 3.

We adapt our task to the NTP paradigm by framing it as a
multiple-choice question as a baseline for comparison with our
last-token classification objective. Last-token classification consis-
tently outperforms NTP, likely because it constrains the prediction
space to two classes rather than the full vocabulary. More prompt
details are provided in Appendix B.1.
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Figure 5: (a) Effectiveness of Dynamic Sampling versus Static
Frame Allocation in MatchLM under different video length
differences. Dynamic Sampling adapts more effectively to
mismatched video lengths, and its effects amplify as the
length disparity between the video pair grows. (b) Perfor-
mance of models across varying average video lengths. The
capabilities of all models tend to drop as the average length
of video pairs increase, while KD proves effective across all
video lengths.

We further compare early and late audio fusion strategies. For
late fusion, we mean-pool audio embeddings and concatenate them
with the MLLM’s last-token embedding before classification. For
early fusion, the aggregated audio token is interleaved directly into
the input token sequence. Additional implementation details are
included in Appendix A.2 and Appendix B.2. Early fusion outper-
forms late fusion, achieving gains of +1.48 AP and +0.88 F1. This
improvement likely arises because early fusion enables richer cross-
modal interactions among audio, visual, and textual tokens, whereas
late fusion relies on a limited linear combination and cannot fully
exploit the MLLM’s reasoning capacity.

Furthermore, we observe that dynamic frame allocation—assigning
frames to each video proportionally to their length—outperforms
static allocation in both AP (+0.16) and F1 (+0.67). As shown in
Figure 5(a), dynamic sampling is particularly beneficial when video
pairs exhibit large length discrepancies, as it preserves more con-
textual information. Sampling details are provided in Appendix A.2.
Finally, applying the best configuration to the Qwen2.5-VL 3B back-
bone yields comparable but slightly lower performance than LLaVA-
OV 0.5B (Table 3).

4.4 Cross-Domain Generalization
We further extend the task to carry out reproduced content identi-
fication on whether a published video is reproduced from source
content such as movies, TV shows, or dramas using MatchLM
and achieve a significant improvement over its single-video input
MLLM (mono-model), increasing R@P80 from 58.72 to 86.5. More
details on this task, termed as Hierarchical Reproduced Content
Identification (H-RCI), can be found in Appendix C.

To validate the generalization capability of the MatchLM2Lite
framework across domains and data scales, we evaluate the model
using additional in-house deduplication datasets. On a short video
deduplication task, P80 recall improves from 74.7% to 81.8%, and on
a live streaming deduplication task, P80 recall improves from 49.2%
to 68.8%, demonstrating the robustness of the proposed approach.

5 Online Serving and Experiments
5.1 Online Serving
MatchLite requires only 0.86 TFLOPs per inference, compared to
25.4 TFLOPs for MatchLM, yielding a 35x reduction in serving-
time computational cost on an NVIDIA A10 24GB GPU. Leveraging
knowledge distillation, we preserveMatchLite’s efficiency while
achieving a 9.71% improvement in R@P80 under the same compu-
tational budget.

We integrate the best MatchLite model into our online systems
for RCI detection. When a video is published, an upstream retrieval
module first selects the top-1 candidate from a vector database
based on visual similarity. The original and retrieved videos are
then passed toMatchLite, which produces an RCI score used by
the recommendation system to prioritize original content over
reproduced ones. All newly published videos on the platform are
scored in real time, and those with high RCI scores are deboosted.
In our production deployment, retrieval latency is approximately
12s, MatchLite inference latency is about 2.8s, and the end-to-end
pipeline latency remains below 30s. The overall system stays stable
under an average load of 2.8k queries per second (QPS), with peak
QPS exceeding 3.5k.

5.2 Online Experiments
We conducted a two-week online A/B experiment on our short
video platform, allocating 10% of the overall online video traffic
across 2 groups. Users were randomly assigned to either a control
or treatment group. RCI scores used for moderation in the control
group was determined by a visual-only online baseline model, while
the treatment group deployed the distilledMatchLite to identify
reproduced content. We evaluated the impact on two key business
metrics: stay duration (the average time users spend on the plat-
form, measuring user engagement) and reproduced video views
(the number of viewed videos that are reproduced). MatchLite re-
duced the reproduced-video view rate by 2.5% without significantly
affecting user stay duration. Throughout the A/B experiment, we
monitored core user metrics and platform health indicators to assess
both effectiveness and potential side effects. After post-experiment
review, we deployedMatchLite to serve full traffic.

6 Conclusion and Future Work
In this work, we propose aMatchLM2Lite framework for repro-
duced content identification (RCI) in our short video platform.
Our approach utilizes a powerfull MLLM,MatchLM to provide a
strong modality alignment and rich semantic representation. Later,
we distill its knowledge to MatchLite for low-latency and high-
throughput in production scenarios while retaining performance.
This framework demonstrates a practical and scalable solution for
large-scale industry deployment, while also opening up new direc-
tions for multimodal video copy detection using MLLMs.

For future work, we will further explore the capabilities of the
MLLMmodel by involving user feedback for continual learning. We
also plan to extend our approach to longer video sequences through
token merging or compression strategies. Beyond classification
of reproduced content, we aim to leverage the MLLM model for
temporal grounding of copied video segments, enabling more fine-
grained and explainable content detection.
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A Architecture Details
A.1 MatchLite Details

Implementation Details. For visual and audio modalities, we ex-
tract the original video frame/audio binaries of the original video
sampled at 1 FPS. For text modality, we extract user generated text
for each video. Concretely, for each video, we dynamically sample
up to the maximum frames that we can accomodate from the video
and carry out zero padding for shorter videos. Each frame is resized
to 224 x 224 and 128 dimension visual embeddings are extracted
from each video using an in-house pretrained Swin-T visual encoder.
An in-house pretrained Whisper-small encoder is used to extract
1500 x 768-dimension audio embeddings and mean pooled to 1 x
768 dimension to increase throughput during deployment. Finally,
for text modality, we concatenate the video title and the sticker
text overlay, and use an open source Sentence-BERT Multilingual-
MiniLM-L12-H384 model [48] to extract 64 x 384-dimension em-
bedding vector from each video text. Max length truncation to 64
tokens is used to minimise feature extraction latency. To account for
the diverse variety of languages used on our video sharing platform,
we chose a multilingual text encoder so as to have wider coverage
and understanding of a variety of languages. Our architecture fea-
tures an 8-head BiXT Multimodal Perception Module with hidden
size of 64, a Visual Feature Enhancement Module comprising 3
Conv2D layers with BatchNorm, ReLU, and residual connections
and a ResNet-34 with the first Conv2D layer resized so that the
number of input channels correspond to the number of feature
channels in our enhanced visual features.

A.2 MatchLM Details
Dynamic Frame Allocation. To provide sufficient contextual in-

formation, we dynamically allocate frames from the video pair for
the input tokens to MatchLM based on video length ratios. This
ensures a minimum of number of frames will be included for the
shorter video, which may be fewer if the video is shorter than the
minimum allocation. We then uniformly sample frames across both
videos to capture temporal context up to a fixed total budget of
frames across the 2 videos. Finally, we prefix each video’s frames
with "Video 1:" and "Video 2:" to distinguish them for the model.

Audio Token Saliency Weighted Aggregation. The audio modal-
ity is also interleaved within the model input, with a simple text
description prefix "Audio: " before the audio of each video. We use
a Whisper-small encoder to extract 1500 x 768 dimension audio
embeddings. To further reduce the number of input tokens into
MatchLM, we use a linear layer to learn the saliency scores for
each audio token. These saliency scores are then softmaxed and
used to compute a weighted sum of the audio tokens. Finally, this
audio token is projected into the same embedding dimension as the
text tokens before feeding them into the LLM model.

B Ablation details
B.1 Reframing Reproduced Content

Identification as Next Token Prediction
In order to adapt our reproduced identification task to the Next
Token Prediction (NTP) format, we frame the problem as a multiple

choice task. We appended "Choose the correct option from the
given options: A) Normal B) Reproduced. Answer:" and format the
labels such that we train the model to predict A for normal content,
and B for reproduced content. During validation, we take the last
token logits for "A" and "B" and apply softmax, taking these as the
prediction probabilities for the 2 options. This simple baseline is
provided to compare between the popular NTP training objective
and our last token prediction objective.

B.2 Late Audio Fusion
For late audio fusion, we fuse the mean pooled 1x768 audio em-
beddings of each video by concatenating them along the hidden
dimension and passing it through a linear layer. This is then con-
catenated with the MLLM’s last token embedding and fed into the
classification head. The same cross-entropy loss as in the early
audio fusion configuration is used to train the Last Audio Fused
MatchLM.

B.3 Effect of Knowledge Distillation

Example 1 Example 2
After KD Before KD After KD Before KD

Figure 6: Feature maps after Knowledge Distillation quali-
tatively appear to be slightly more distinct, ignoring back-
ground noise features

We include detailed Knowledge Distillation ablations in Table 5
and Table 6. We find that incorporating KL Loss alone with a
weight of L𝑙𝑜𝑔𝑖𝑡𝑠=1.5 and already improves F1 and AP significantly
as shown in Table 5, raising F1 to 77.30% (+2.82%), AP to 82.26%
(+1.67%) and R@P80 to 65.34% (+8.13%). Incorporating the Embed-
ding Loss alone with a weight of L𝑒𝑚𝑏=1.5 also improves perfor-
mance as shown in Table 6, raising F1 to 76.03% (+1.55%), AP to
81.65% (+1.06%) and R@P80 to 62.66% (+5.45%) but the improvement
is not as large as L𝑙𝑜𝑔𝑖𝑡𝑠 . This shows that both losses are useful
in improving performance, with L𝑙𝑜𝑔𝑖𝑡𝑠 having a stronger effect,
given its direct influence over the prediction logits. From Table 5,
we see that as L𝑙𝑜𝑔𝑖𝑡𝑠 is increased, holding L𝑒𝑚𝑏 constant at 1.5,
there is a steady improvement in the model’s performance, while
from Table 6 as L𝑒𝑚𝑏 is increased, holding L𝑙𝑜𝑔𝑖𝑡𝑠 constant at 1.5,
we see a general increase in model performance as well especially
in terms of R@P80, with slight fluctuations. The best setting is
achieved when both losses are applied at L𝑒𝑚𝑏=1.5 and L𝑙𝑜𝑔𝑖𝑡𝑠=1.5.

Qualitatively, the intermediate feature maps learned by our Com-
pact Decision module of MatchLite exhibits relatively clearer
learned representations for reproduced video pairs after Knowl-
edge Distillation as can be seen from Figure 6. This indicates that
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Model Llogits Lemb AP F1 R@P80

MatchLite+ – – 80.59 74.48 57.21
MatchLite+ – 1.5 81.65 76.03 62.66
MatchLite+ 0.5 1.5 82.51 76.51 65.57
MatchLite+ 1.0 1.5 82.37 76.54 65.02
MatchLite+ 1.5 1.5 82.45 77.10 66.92

Table 5: Ablation study on Knowledge Distillation: Varying
coefficient Llogits while keeping coefficient Lemb constant at
1.5

Model Llogits Lemb AP F1 R@P80

MatchLite+ – – 80.59 74.48 57.21
MatchLite+ 1.5 – 82.26 77.30 65.34
MatchLite+ 1.5 0.5 81.90 76.25 66.59
MatchLite+ 1.5 1.0 82.46 76.83 66.24
MatchLite+ 1.5 1.5 82.45 77.10 66.92

Table 6: Ablation study on Knowledge Distillation: Varying
coefficient Lemb while keeping coefficient Llogits constant at
1.5

MatchLM guidance might aid in learning better and more repre-
sentative feature patterns that occur in the pairwise features.

From analyzing the test-set across average video lengths, we also
find that knowledge distillation helps to improve the MatchLite’s
performance across all 3 video length groups small, medium and
long average videos as can be seen from Figure 5 (b).

B.4 Data Scaling Ablation Details
To investigate howMatchLite andMatchLM’s performance scales
with the amount of data, we run a simple set of data scaling experi-
ments to observe the effects of additional training data on model
performance comparing theMatchLite model and theMatchLM
model. As can be seen from Table 2, We find that even with only
1/3 the amount of training data,MatchLM with AP 82.63 and F1
77.53 already significantly outperformsMatchLite at AP 78.38 and
F1 74.11 given the full amount of training data, demonstrating that
MatchLM is more sample efficient and learns robust representa-
tions even under data-constrained conditions.

C Hierarchical Reproduced Content
Identification: H-RCI

In addition to identifying reproduced content through paired video
comparison, we extend the task to also use a single-video input to
determine whether a published video is reproduced from source
content such as movies, TV shows, or dramas. This setting extends
the problem from pairwise comparison to a video understanding
task. We name the new task as Hierarchical Reproduced Content
Identification (H-RCI).

To address the broader H-RCI task, we propose a jointMatchLM
model, built upon the original RCI MatchLM architecture. This
unified model is capable of handling both paired and single video

Table 7: Joint model on H-RCI task

Model AP F1 R@P80

Mono Model 72.93 67.73 58.72
Mono + Paired model - 80.5 81.02
Joint Model 89.2 83.12 86.5

inputs within a single MLLM model. Evaluation results demon-
strate that the joint model significantly improves overall H-RCI
performance by effectively leveraging the contextual information
provided by paired video inputs.

As shown in Table 7, when applying the single-video input
MLLM model (mono MLLM) to the H-RCI task, it achieves an
R@P80 of 58.72. As a comparison, we evaluate the usage of the
monomodel together with paired-video inputMLLM (pairedmodel)
as a combined setup which improves the R@P80 to 81.02. Finally,
our joint model, which integrates the paired video input as a pre-
filtering mechanism for the video understanding branch, further
increases R@P80 to 86.5 on the H-RCI task.

D Training Details
D.1 MatchLite Model
The MatchLite model comprises of 263 Million parameters includ-
ing the frozen feature backbones and was trained on 16 NVIDIA
A100 80GB GPUs with a batch size of 16 per GPU. AdamW opti-
mizer with cosine annealing and a learning rate of 1e-4 was used
andMatchLite was trained for 8 epochs. All three feature extrac-
tors are frozen for faster inference and resource saving through
feature caching during deployment, with other layer weights are
updated during training.

D.2 MatchLM Model
To manage memory during training, for ourMatchLM model, we
1) adopted the relatively lightweight LLaVA-OV 0.5B model to re-
duce model size, 2) used dynamic frame allocation to accommodate
varied video lengths, 3) early audio fusion using a learned saliency-
based pooling layer. TheMatchLMmodel consists of 1B parameters
and is trained on 48 A100 GPUs with a batch size of 1 per GPU.
AdamW optimizer with linear annealing and a learning rate of 2e-5
was used andMatchLM was trained for 8 epochs. For more details,
please refer to Appendix A.2. To train our MatchLM, we make use
of Zero Redundancy Optimizer (ZeRO) Stage 2 [39] and LoRA [17]
with a rank of 32, alpha 64 and dropout of 0.05.
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