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Abstract

The rapid increase of deepfakes has raised
significant concerns due to their spread on
social media. Traditional multi-face forgery
detectors crop and verify each face indepen-
dently, ignoring background context and inter-
face relationships, which often yields subop-
timal performance. To overcome these limi-
tations, we leverage instruction-based Large
Vision-Language Models (LVLMs), which can
interpret entire images and follow complex tex-
tual instructions. We propose a simple yet ef-
fective single-stage multi-face forgery detec-
tor, called IMFD (Instruction-based Multi-face
Forgery Detector), which is trained end-to-end
to jointly localize faces and predict per-face
forgery labels. Rather than treating face box
prediction only as a joint objective, IMFD
explicitly integrates predicted face bounding
boxes into the instruction as visual cues that
enhance instruction grounding and forgery de-
tection. To support the training and evalua-
tion of IMFD, we convert existing multi-face
forgery datasets into an instruction-based for-
mat. Experimental results and analyses show
that IMFD improves multi-face forgery detec-
tion by integrating face bounding boxes into
the instruction, and consistently outperforms
various state-of-the-art methods.

1 Introduction

The rapid advancement of diffusion-based gener-
ative models has enabled the synthesis of highly
realistic images, audio, and videos from simple text
instructions (Dhariwal and Nichol, 2021). While
beneficial in industries such as film and advertis-
ing (Xu et al., 2024; Wang et al., 2025), these
models have also been increasingly abused to pro-
duce harmful content, specifically deepfake faces,
undermining trust in digital media (soc, 2022; Li
* Corresponding author.

Our code is available at https://github.com/somcandy@8/
IMFD.

et al., 2022). Therefore, effective and reliable face
forgery detection methods are needed.

Traditional approaches typically frame face
forgery detection as binary classification and fall
into three groups: methods using biological clues
such as eye blinking, head poses, and skin tex-
ture (Liu et al., 2020), signal-level artifacts to cap-
ture synthesis boundaries (He et al., 2021), and
data-driven methods that train neural networks on
labeled datasets (Ju et al., 2024). Despite strong
results in controlled settings, most methods adopt
a two-stage pipeline: first cropping each face and
then classifying each cropped face independently.
This ignores global background context and inter-
face relationships, leading to error propagation
in scenes with many faces at varying scales and
poses (Le et al., 2021).

To address these limitations, the OpenForensics
dataset was introduced, enabling end-to-end multi-
face forgery detection models (Le et al., 2021). To
better distinguish real and forged faces, incorpo-
rating bi-grained contrastive learning into the de-
tection backbone has been studied (Zhang et al.,
2024). However, these detectors remain object-
centric and often miss subtle semantic manipula-
tions. Recently, Large Vision—-Language Models
(LVLMs) combining large-scale vision encoders
and language models have shown strong cross-
modal reasoning (OpenAl, 2024). They process
whole images and complex prompts, reasoning
over both global context and fine-grained details.

Motivated by these advancements, we propose
an instruction-based multi-face forgery detector,
named IMFD. IMFD takes an image and a tex-
tual instruction as input, and is trained end-to-end
with a joint objective that integrates two subtasks:
instruction grounding with forgery detection and
face bounding-box prediction. This single-stage
framework teaches the model both where to look
and what decision to make for each face by inject-
ing predicted face coordinates into the instruction
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Instruction

<image>\nThere are {total number of people} people in
the original image and its dimensions are {width in
pixels} pixels in width and {height in pixels} pixels in
height. The coordinates of people's faces at {all face
bounding box coordinates} assign labels sequentially
from left to right starting at 1 only to individuals
whose faces are identifiable. In this case, what are the
numbers of the fake faces and real faces?

Response

the fake faces are {fake face labels and coordinates}
and the real faces are {real face labels and
coordinates}.

Figure 1: Instruction format for multi-face forgery
detection using an ordered labeling output schema.
“<image>" is a placeholder for the given image.

as visual cues. To improve robustness, we incor-
porate task-relevant details (Misra et al., 2020),
such as the number of people, image resolution,
and predicted face coordinates, directly into the
instruction to emphasize information critical for de-
tecting forged faces without external resources. For
analysis, we also compare IMFD with a two-stage
setting that uses ground-truth face coordinates. To
support the training and evaluation of IMFD, we
transform existing multi-face forgery benchmarks
into an instruction-based format.

We conduct experiments on the large-scale Open-
Forensics dataset (Le et al., 2021) and perform
in-depth analyses to validate our method. Experi-
mental results show that IMFD consistently outper-
forms various state-of-the-art baselines. The code
and instruction-formatted dataset are publicly avail-
able at https://github.com/somcandy@8/IMFD.

2 Instruction-based Forgery Dataset

Since no instruction-based datasets exist, we con-
vert existing multi-face forgery datasets into an
instruction-based format to train and evaluate
IMFD in an instruction-based setting. Each sample
pairs an image with an instruction that specifies
how to index faces and how to format the output,
ensuring consistent prompts and automatic evalua-
tion. The LVLM is expected to identify and label
any forged faces. To reduce typical LVLM errors
even after fine-tuning (Chen et al., 2024a), we aug-
ment the instruction with auxiliary details (Misra
et al., 2020).

First, the total number of people is provided for
the model to accurately verify face counts. Second,
the input image resolution is included to help the
model detect potential signs of forgery. Third, the
face coordinate information explicitly directs the
model’s attention to specific facial regions to im-
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Figure 2: Overview of IMFD. The green block is a
standard LVLM architecture such as InternVL. The red
block predicts face boxes that are injected into the in-
struction.

prove alignment between a given image and textual
instructions. Figure 1 shows the instruction format
for multi-face forgery detection. With these details
incorporated, the LVLM more effectively captures
the correspondence between faces and the accom-
panying instruction. We assign labels to faces from
left to right, starting with the numeric number one
based on the center coordinates of each face. We
then embed these labels into the instruction format.
The corresponding binary labels (real or fake) are
inherited from the original dataset annotations. We
include face bounding boxes in the output as well,
enabling the model to better learn spatial ground-
ing.

3 Our End-to-end IMFD

We introduce our end-to-end IMFD. Figure 2
shows an overview of the proposed model, which
leverages LVLMs by jointly learning instruction
grounding with forged face detection and bound-
ing box prediction. We define X, as the
input from the image modality, and X;;; =
{[img], w1, w2, ..., w, } as the input from the tex-
tual modality, where [img] is a special token that
will later be replaced by the image embedding.
Vision Encoder. Given X;,,,, we obtain patch
embeddings:

Xo =[Xas; PatchEmbed(Ximg )]+ Epos, (1
X/ =MHA(LN(X;—-)+X;-1,(l=1,..., L) (2
X =MLP; (LN(X{))+X], 3)

where x5 is the special token, and F,,¢ denotes
the positional embedding. LN, MHA, and MLP
denote layer normalization, multi-head attention,
and a feed-forward layer.
Face Bounding Box Prediction. Face bound-
ing boxes are predicted from a single text query,
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“A photo of face”, without explicit class predic-
tion. Given an image X;,,4 and anchor coordinates
Bboxes, the procedure is as follows.

Text—Anchor Similarity. A pre-trained CLIP ViT-
B/32 encodes the query to a feature Fyyery, which
we L,-normalize (Radford et al., 2021). For each
anchor feature F},p,chor i, Wwe compute the following:

S; = Fanchor,i - Fonery, S =1[51,...,Sv] €RY, (&)
Fa _ CLIPimg(Ci)

nchor,i = 7T ~T 7> /N1 (’L: 1,,N) (5)
[ CLIPimg (ci)l|2

where Fl,,chor 1S the normalized feature for the i-
th anchor, computed by passing the anchor crop c;
from the input image X;;,,, through the pre-trained
Vision Transformer CLIP image encoder architec-
ture. Here, /N denotes the number of anchors. To
obtain the anchor coordinates c;, we first divide the
image into a grid of rectangular regions and record
each cell’s coordinates as an anchor. For each grid
cell, we generate additional anchor boxes by apply-
ing various width and height coefficients to scale
the region around the cell’s center (Radford et al.,
2021).

Anchor Selection. Scores are
min—max-normalized and anchors whose
scores exceed the skip threshold 7, are retained:
Z = {i| Si > Taip }- If no anchor satisfies the
threshold (i.e., Z = &), we select the anchor with
the highest score only if the image—text similarity
Simg = Fimg * F;Xt exceeds the true-positive
threshold 7}, where Fiy,, is obtained by passing
Ximg through the CLIP image encoder. If sjyg
falls below the false-positive threshold 7,, all
boxes are discarded.

Face Box Selection and Refinement. The selected
anchors and their scores are refined using Weighted
Boxes Fusion (WBF) to remove overlapping an-
chors: Bpeq = WBF(Bbozes[Z],S; Tiou),
where Ty, 1S the IoU threshold used to determine
which overlapping boxes are fused together.
Integrating LLLM and Vision Encoder. We map
image features to the LLM embedding space and
replace the [img] slot with the projected vector.
Specifically,

Emg = MLP?(XL[:a 1 o :])7 (6)
Xo = Embed(X¢xt) + Fpos, (@)
Xoli] = Fimg,  Yprea = LLM(Xo), ®)

where M L P, projects the image embeddings to
the same dimensionality as the word embedding

ALL LARGE ALL

Model F1. F1, Acc F1. F1, Acc | Lat.| MaxLat.| Thpt.?

Two-Stage Methods

EfficientNet 0.69 029 054 090 046 0.36 8.0 363.7 128.8

Capsule 070 029 055 090 047 056 | 149 1166.8 67.1

UCF 023 014 006 048 030 009 | 315 5394.2 319

F3Net 065 031 035 081 045 044 | 438 939.1 22.8
CIMFD 0987 0987 0.947 0977 0987 087" | 1628 26377 63

Single-Stage Methods

COMICS 081 074 040 081 074 0.33 | 457.7 605.3 4.4
IMFD " 0.90" 0.84T 0771 075 0.807 6.16*7‘7576337 C %152 36

Table 1: Comparison with SOTA baselines. Latency
(Lat.) and maximum latency (Max Lat.) are reported
in milliseconds, and throughput (Thpt.) is the number
of images processed per second. T indicates that the
improvement is significant (p<<0.01) compared with the
underlined score (typically the best baseline), as deter-
mined by paired bootstrap resampling (Koehn, 2004).

space in the LLM. Embed(X,;) denotes the token
embeddings of the input text, and ¢ is the position
of the special [img] token appended to the text
input. The image representation Fj,,, replaces the
embedding at this position, allowing the LLM to
incorporate visual information during generation.
Objective Function. We optimize the average of
text and box losses:

Lgen = CrossEntropy (Ypred, ), ®
Libbox = LlLOSS(Bpred7 B)7 (10)
L= (ﬁgen + ﬁbeX)/Q' an

where Y and B denote the ground-truth text and
boxes, respectively.

During training, we use ground-truth face
bounding-box coordinates. At test time, we use
the predicted face bounding-box coordinates and
derive the total number of people, which are then
injected into the instruction. Image resolution is
read directly from the input image.

4 Experiments

4.1 Experimental Settings

Datasets. We used OpenForensics
(OpenForensics), a large-scale multi-face
forgery detection dataset (Le et al., 2021). The
training, validation, and test-development datasets
consist of 44,122, 7,308, and 18,895 pairs,
respectively. For the test dataset used in the
evaluation (ALL), the fake face ratio was 0.58.
To investigate the multi-face forgery detection
performance of the LVLM on images with a large
number of faces, we also conducted evaluations
on only 1,522 images (LARGE) that contain more
than the average number of faces (2.63) in the
test-development dataset.



Model Coordi. F1. F1, Acc

091 0.61 0.83
094 0.81 0.95
0.73 056 0.32
096 0.66 0.92
098 093 0.96
098 098 0.94

# Peop. Image Rel.

IMFD

W X X A X
WA XN X X
ENENENR RO

Table 2: Ablation studies on ALL regarding the effec-
tiveness of integrating auxiliary details into instructions.

Implementation Details. We employed
InternVL2-2B (Chen et al., 2024b) as the back-
bone model and fine-tuned it with LoRA (Hu
et al., 2022). Detailed settings are provided in
Appendix A.

Compared Models. Following the settings
in (Yan et al., 2023a; Zhang et al., 2024), we
compared our end-to-end IMFD with two-stage
state-of-the-art (SOTA) baselines including Cap-
sule (Nguyen et al., 2019), UCF (Yan et al., 2023b),
EfficientNet-B4 (Tan and Le, 2020), F3Net (Qian
et al., 2020), and the single-stage SOTA method,
COMICS (Zhang et al., 2024). All baselines
were trained on the standard OpenForensics splits,
whereas IMFD was trained on our instruction-
based variant. We used ground-truth face bounding
boxes for the two-stage setting, while predicted
face bounding boxes were used for the single-stage
setting. Additional upper-bound results obtained
by injecting ground-truth face bounding boxes co-
ordinates into the instruction, along with compar-
isons across instruction variants, are provided in
Appendix B.

Evaluation Metrics. For IMFD, we evaluate micro
F1 (F1,.) for overall performance, macro F1 (F1,)
to balance rare labels, and exact matching (Acc),
which counts an image as correct only when the set
of predicted fake faces exactly matches the ground
truth. For two-stage models, we collected the inde-
pendently detected results to calculate F'1., F'l,,
and Acc. For the single-stage COMICS model, to
evaluate detection results as a classification prob-
lem, we assign a fake face when a predicted bound-
ing box overlaps with a ground-truth box by an IoU
threshold of 0.5 or higher.

Results. As shown by the results in Table 1, IMFD
outperforms the other models in both two- and
single-stage settings. This demonstrates the effec-
tiveness of IMFD and the instruction-based dataset.
While there is a trade-off between computational
cost and detection performance, IMFD achieves
significantly lower maximum latency compared

Label the fake faces are 1,2,3,4

IMFD (two-stage)

Answer : the fake faces are |,2,3,4

Gold Coordinates :

(100, 8o, 129, 178], [356, 184, 126, 146],
[549, 279, 114, 168], [627, 204, 124, 156]

IMFD (single-stage)

Answer : the fake faces are 3,4

Predicted Coordinates :

[112, 98, 167, 2371, [322, 223, 108, 156],
[510, 294, 144, 197], [616, 148, 142, 203]

J

Figure 3: Face bounding-box prediction and forgery de-
tection by IMFD in two-stage and single-stage settings.

to all two-stage methods in the two-stage setting.
This is because, when a large number of faces are
present in a single image, IMFD avoids the costly
and sequential steps of face cropping and per-face
detection required by traditional methods. How-
ever, the single-stage IMFD, which uses predicted
face bounding boxes, shows a noticeable drop in
performance compared to the two-stage IMFD that
leverages ground-truth bounding boxes.

Error Analysis. We calculated COCO-style Aver-
age Precision (AP) for face bounding box predic-
tion (Lin et al., 2015). The AP score of 81.9 for
the ALL dataset highlights the importance of high-
quality face localization for the single-stage IMFD
in Table 1. We also confirmed that our method can
predict face bounding boxes for a large number of
faces in a single image, achieving an AP of 83.6 for
the LARGE dataset. Figure 3 provides a qualitative
comparison between the two-stage and single-stage
settings. The two-stage IMFD accurately detects
all fake faces using the ground-truth face coordi-
nates, while the single-stage IMFD only identifies
a subset of fake faces based on the predicted bound-
ing boxes. This highlights that errors in bounding
box prediction for single-stage IMFD can directly
affect the accuracy of fake face detection.

Impact of Auxiliary Details. We analyzed the ef-
fectiveness of auxiliary details in instructions for
multi-face forgery detection. Table 2 presents the
results obtained using IMFD. Even without auxil-
iary details, IMFD (F'1.) substantially outperforms
the best two-stage baselines in Table 1. Solely
injecting image resolution was not effective. Reso-
lution alone lacks spatial correspondence and thus
cannot satisfy the left-to-right labeling required
by instruction-based detection. A more detailed
analysis of the effect of input image resolution is
provided in Appendix C. Additional Grad-CAM
case studies are provided in Appendix D.



5 Conclusion and Discussion

We proposed IMFD, a single-stage end-to-end
instruction-based detector that jointly localizes
faces and reasons about their authenticity using
LVLMs. We convert existing multi-face forgery
datasets into an instruction-based format with auxil-
iary details. On OpenForensics, IMFD consistently
outperforms strong two-stage and single-stage base-
lines. In the future, we will further investigate
various LVLM backbones, improve bounding-box
quality, and extend the framework to video.

Limitations

Our study has several limitations. First, experi-
ments are limited to OpenForensics because other
multi-face forgery benchmarks are not publicly
available. Second, the single-stage setting is sen-
sitive to face localization quality, and errors in
predicted bounding boxes directly affect forgery
detection performance. Third, we focus only on
image-based forgery detection and do not address
temporal consistency in videos. In addition, the
relatively small number of zero-fake samples may
limit robustness in such cases. Future work in-
cludes evaluation on more diverse benchmarks, im-
proving box prediction quality, and extending the
framework to video.
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A Implementation Details

We employed InternVL2-2B (Chen et al., 2024b)
as the backbone model and fine-tuned it with
LoRA (Hu et al., 2022). Table 5 summarizes the
LVLM backbones used in our experiments, includ-
ing their parameter sizes and underlying LLMs.
Experiments were conducted using the Transform-
ers library with a random seed of 42 on an NVIDIA
A6000 GPU. The input image resolution was fixed
at 448 x448. We set Tjoy and 7gip to 0.01 and 0.8,
respectively. We set ¢, and 7, to 0.0 and -2.0,
respectively.

Figure 4 shows the three instruction settings used
in the two-stage IMFD analysis. Setting (1) uses
the instruction without auxiliary details. Setting
(2) adds only the total number of people. Setting
(3) incorporates the total number of people, image
resolution, and face coordinates. These settings are
used in the Grad-CAM case study to analyze how
auxiliary details affect instruction grounding and
multi-face forgery detection.

B Upper-bound Analysis

To analyze the upper bound of instruction-based
multi-face forgery detection independently of face
localization errors, we additionally evaluate sev-
eral LVLM backbones using ground-truth face
bounding-box coordinates injected into the instruc-
tion. This setting removes the effect of bounding-
box prediction noise and allows us to compare in-
struction variants under controlled conditions. We
consider three instruction variants: (1) the base
instruction without auxiliary details, (2) the instruc-
tion augmented with only the total number of peo-
ple, and (3) the instruction augmented with the
total number of people, image resolution, and face
coordinates.

ALL LARGE

Wit Inst. gy, F1, Acc  Fl, Fl, Acc

s () 077 041 056 | 084 052 043
LLaVA-1.5 2 073 056 032|093 081 0.64

-Vicuna 3) 091" 0927 0781 | 094 081" 055

] (1) 086 052 074 | 0.8 057 055
LLaVA-L6 (50 073 056 032 | 093 081 0.64
-Vicuna

3) 096" 0947 0.907 | 0.94T 0.817 0.76"

() 091 061 083 | 094 065 074
IemVE2 = 5) 094 081 087 | 096 090 079

2B 3) 098 0981 0941 | 0977 0981 0870
(1) 091 066 0.84 | 094 077 0.73
en¥l? @) 095 078 088 | 095 078 076

(3) 096" 0917 089" | 095 096" 0.80

(1) 091 065 084 | 094 076 0.76
memvl2 @) 09 017 086 | 095 00 077
3) 096" 098 0901 | 095 0971 0.80f

N () 053 015 025 050 018 0.00
LM o @) 073 056 032 092 019 059
SLAmas-VVES 3y 0907 0957 0777 | 095 097" 0.80f

. 1) 049 0.1 026 | 043 013 0.00
MM @ o 046 029 | 093 081 064
v 3) 0917 096" 0777 | 092 0.957 0.70

Table 3: Upper-bound results on OpenForensics ob-
tained by injecting ground-truth face bounding-box co-
ordinates into the instruction. (1), (2), and (3) denote
the three instruction variants described in the main text.
ALL and LARGE denote evaluation on the full test set
and on the subset of images containing more than the
average number of faces (2.63), respectively. T indicates
that the improvement is significant (p<<0.01) compared
with the underlined score, as determined by paired boot-
strap resampling (Koehn, 2004).

Table 3 shows that augmenting the instruction
with auxiliary details consistently improves per-
formance across LVLM backbones. In particular,
instruction variant (3), which includes both global
and spatial cues, achieves the best overall perfor-
mance in most cases. This confirms that the benefit
of auxiliary details is not limited to a specific model
family. We also observe that increasing the LLM
size does not always lead to better performance.
For example, InternVL2-2B remains competitive
with, and in some cases outperforms, larger variants
such as InternVL2-4B and InternVL2-8B. These
results suggest that performance in this task de-
pends more on how effectively the model aligns
visual faces with the instruction than on model
scale alone.

C Impact of Input Image Resolution

To provide a more detailed analysis of image res-
olution, we evaluate IMFD under different input
resolutions InternVL2-2B as the backbone and in-
structions augmented with ground-truth face coor-
dinates. Table 4 reports the results on ALL and
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ALL LARGE
Image Rel. F1. F1, Acc F1,. F1, Acc

112x112 09173 0.9414 0.6538 0.8894 0.9401 0.6538
224x224 09414 09492 0.7424 0.9260 0.9566 0.7424
448x448  0.9762 0.9846 0.9359 0.9744 0.9838 0.8739
672x672  0.9810 0.9849 0.9484 0.9808 0.9841 0.9008

Table 4: Impact of input image resolution on IMFD
using InternVL2-2B.

LARGE. As the input resolution increases from
112x112 to 672x 672, the performance improves
consistently across all evaluation metrics.

In particular, on ALL, the F1. and F1, scores
reach 0.981 and 0.985, respectively, at 672x672. A
similar trend is observed on LARGE. These results
suggest that higher-resolution inputs provide more
discriminative visual details for instruction-based
multi-face forgery detection.

D Grad-CAM Case Study

We evaluated whether instruction-based LVLMs
can parse multi-face images with left-to-right nu-
meric labels by visualizing IMFD Grad-CAM heat
maps on test samples (Selvaraju et al., 2017). Fig-
ure 5 shows the results. (1) uses the original in-
structions without auxiliary details, (2) adds only
the total number of people, and (3) incorporates
the number of people, image resolution, and face
coordinates. In example (A), the model’s attention
aligns with its predictions: with (1) and (2), it fo-
cuses on and labels only the first two forged faces,
while with (3), attention extends to all three faces.
Example (B) further shows that, when using (3),
the LVLM with auxiliary details can localize and
detect fake faces even in images with many faces.



Model Params Backbone LLM HuggingFace Repository

LLaVA-1.5 7B vicuna-7b-v1.5 https://huggingface.co/liuhaotian/1lava-v1.5-7b
LLaVA-1.6 7B vicuna-7b-v1.5 https://huggingface.co/liuhaotian/1lava-v1.6-vicuna-7b
InternVL2-2B 2.2B internlm2-chat-1_8b https://huggingface.co/OpenGVLab/InternVL2-2B
InternVL2-4B 4.2B Phi-3-mini-128k-instruct https://huggingface.co/OpenGVLab/InternVL2-4B
InternVL2-8B 8.1B internlm2_5-7b-chat https://huggingface.co/OpenGVLab/InternVL2-8B
MiniCPM-Llama3-V-2.5 8.1B Llama3-8B-Instruct https://huggingface.co/openbmb/MiniCPM-L1lama3-V-2_5
MiniCPM-V-2.6 9.5B Qwen2-7B-Instruct https://huggingface.co/openbmb/MiniCPM-V-2_6

Table 5: LVLM backbones used in this study, including parameter sizes, backbone LLMs, and model repositories
for reproducibility.

Prompt

Instruction : Label the faces in the given photo as follows:Assign labels to the faces
from left to right, starting with |. Do not assign labels to the backs of heads; only label
visible faces. If there's no forgery face, just only give answer like this: None. If there is a
forgery face, just only give answer like this: The fake face is {label numbers of the
photo with Forgery faces}.

Response : the fake faces are 4, 5 and the real faces are 1,2, 3, 6.

Instruction : There are 6 people in total. Assign labels sequentially from left to right
starting at | only to individuals whose faces are identifiable, what are the numbers of
the fake faces and real faces?

Response : the fake faces are 4,5 and the real faces are 1,2, 3, 6.

Instruction : There are 6 people in the original image and its dimensions are 1024
pixels in width and 768 pixels in height. The coordinates of people's faces at [121, 303,
75,94],[235,207, 63, 90], [362, 237, 48, 64], [724, 252, 66, 80], [456, 294, 45, 45], [588,
255, 42, 46], assign labels sequentially from left to right starting at | only to individuals
whose faces are identifiable. In this case, what are the numbers of the fake faces and
real faces?

Response : the fake faces are 4[456, 294, 45, 45], 5[588, 255, 42, 46] and the real faces
are I[121,303,75,94],2[235, 207, 63, 90], 3[362, 237, 48, 64], 6[724, 252, 66, 80].

Figure 4: Face forgery detection instructions and responses.
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Figure 5: Original and Grad-CAM visualizations for the 18th layer on images containing forged faces.
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