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Organization of the Supplementary Material

We provide a table of contents below to help you better nav-
igate through the content in the supplementary materials.

Section A outlines the construction process for the mul-
timodal shift dataset, which includes question shift, image
shift, and answer shift.

Section B details the evaluation methodology for the en-
compassing model fine-tuning, backdoor attack algorithm,
and schematic diagrams.

Section C includes a detailed algorithm of MABA (Mul-
timodal Attribution Backdoor Attack).

Section D and Section E further analyze question and
answer domain shifts on the Flickr dataset, reaffirming
the consistency of results with those observed on the MS
COCO dataset.

Section F elaborates on the specific values of mixed im-
age domain shift to better illustrate the effects under mixed
domain attacks.

Section G presents additional results in real-world sce-
narios, focusing on low poisoning rates and different target
labels.

Section H discusses the limitations of this study and po-
tential defenses.

A. Multimodal Domain Shifted Dataset
A.1. Image Shift based on Stable Diffusion Model

Basic steps for image domain shift. We regard image do-
main shift as an image style transfer task, which is often
used to enhance the diversity of data and the scope of appli-
cations. To achieve this goal, we employ an advanced sta-
ble diffusion model [2]. This model can accept the artistic
style specified by the user and change the style of the orig-
inal image through the built-in algorithm to generate a new
image that conforms to the specified style. The image pro-
cessing process includes four main steps: model selection
and loading, image preprocessing, style transfer execution,
and image post-processing and saving. In the preprocessing
stage, the input image is first decoded and converted into
RGB color space and adjusted to a resolution suitable for
model processing, such as 512 x 512 pixels. In the style
conversion stage, we use the prompt parameter to specify

the desired artistic style and control the strength of the style
application by adjusting the strength parameter. Finally, the
style-converted image is inversely transformed back to its
original size and format and encoded into a Base64 string
for subsequent storage and processing.

Style selection and parameter settings. We adopt ex-
pressionism style and realism style as the styles of image
domain shift. Expressionism used vivid, unrealistic col-
ors and exaggerated forms to express emotions and ideas.
Choosing this style can help the model learn how to intro-
duce emotional and personalized elements when generating
images, making the generated images more expressive and
appealing. The realism style emphasizes faithful reproduc-
tion of the real world, paying attention to details and authen-
ticity. Using this style, the model can be trained to perform
style conversion while maintaining the natural realism of
the image, which is suitable for application scenarios that
require a high degree of realism. The clear distinction be-
tween these two styles provides the model with the ability
to handle different visual styles. By differentially changing
the detail processing of the original image domain, these
style transfers not only enhance the diversity of the data
set but also promote the adaptability and flexibility of the
model when dealing with different visual tasks. Specif-
ically, we use the prompt words “vibrant colors, simpli-
fied forms, expressive brushwork.” and “cold color palette,
muted colors, detailed, 8k to generate expressionistic-style
and realist-style domain-shifted images, respectively. We
will set strength to 0.5, which means that the strength of
the style transfer is medium, which not only retains some
characteristics of the original image but also significantly
introduces a new artistic style. a) and b) in Fig. 1 respec-
tively visualize the results of the migration of the original
image in expressionism and realism styles.

A.2. Text Shift based on Large Language Model

In the task of text domain transfer, we experiment with
three existing text generation models: GPT-3.5 Turbo [10],
Qwen [1], and LLaMA [13]. Ultimately, we select GPT-
3.5 Turbo for its high customizability, fast generation speed,
and strong performance.

Question generation. We use the “gpt-3.5-turbo” model
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Figure 1. Diffusion model generation image visualization.

with prompts tailored to different tasks. We use the model
to generate either detailed or concise questions based on the
original questions. This task involves generating and pro-
cessing 40,000 questions. Due to usage policy constraints,
we run four OpenAl accounts in parallel and complete the
task within 30 hours.

Answer generation. We also use the “gpt-3.5-turbo”
model to generate answers for different questions. For the
summary task, we ask the model to condense the original
answer into a sentence of no more than 20 words. For the
expansion task, we instruct it to rewrite the original answer
with an output at least 100 words longer. We process the
total of 40,000 answers required, about 40 hours with four
parallel accounts.

Generation quality assessment. We manually sample 5

In terms of length distribution, the Expansion Question
set shows a broader word count range than the Summary
Question set, and it aligns more closely with the Original
Question set, especially in the long-tail region. Conversely,
the Summary Question set is more concentrated, with re-
duced overlap with the original.

For answers, the Summary Answer set is more com-
pact and overlaps with the core of the Original Answer set.
And the Expansion Answer set displays a wider spread and
longer tails, reflecting greater divergence from the original
distribution.

B. More Detailed Evaluation Process

B.1. Victim Models Instruction Tuning Details

Model architecture. We mainly consider the representative
LVLM OpenFlamingo as the white-box victim model under
different training domains. To evaluate the generalizabil-
ity of the backdoor attacks across different models, we use
BLIP-2 and Otter as the black-box models. Except where
noted otherwise, we predominantly utilize OpenFlamingo
as the victim model. This model based on the CLIP ViT-
L/14 visual encoder and the MPT-1B LLM model. In ad-
dition, we also tested BLIP-2 with the OPT-2.7B LLM and
CLIP ViT-G/14 visual encoder, and Otter with the MPT-1B
LLM and CLIP ViT-L/14 visual encoder.

Training details. The AdamW optimizer is used to train
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Figure 2. Word count distributions with histogram and KDE for original and generated instruction sets.

our victim LVLMs. It starts with a learning rate of le-5
and uses bf16 mixed precision to make the computations go
faster. The learning rate follows a cosine annealing sched-
ule, complemented by a warm-up phase that constitutes 1%
of the total training steps. To manage the risk of explod-
ing gradients, we apply gradient clipping with a maximum
threshold of 1.0. The fine-tuning phase is executed over
three epochs with a batch size of 16. Main experiments in-
volve training on an A40 GPU.

B.2. Attack method implementation details.

In case I, we choose BadNets attack [6] and Blended at-
tack [3] for images. We also choose TextBadNets [4] and
AddSent attacks [5] for textual instructions. In case II, we
consider LowFrequency [15] and WaNet [8] for images; we
use StyleBkd [12] for textual instructions. In case III, we
use InputAware [9] and GCG [16] for images and textual
instructions, respectively. We also introduce the DualKey
[14], which simultaneously uses image and text triggers to
perform attacks. For a fair comparison, we use the zero-
shot classification description template of ImageNet and set
“banana” as the classification label for target poisoning an-
swers. We present these attack illustrations in Fig. 3 and
Fig. 4.

B.2.1. BadNets Attack

Visual sample construction. In the BadNets attack, we
chose a trigger of size 16 x 16 and filled the trigger with
Gaussian noise generated from a standard normal distribu-
tion. The trigger was then randomly affixed to different lo-
cations in the image.

B.2.2. Blended Attack

Visual sample construction. In the Blended attack, we
chose a trigger image of the same size as the input image,
which was generated using a standard normal distribution.
Then, we set the transparency of the trigger image to 0.2
and added it to the clean image with the transparency set to
0.8.

B.2.3. LowFrequency Attack

Visual sample construction. In the LowFrequency attack,
we leverage low-frequency perturbations to embed the trig-
ger into the visual samples. We used a window size of 32
x 32 for the perturbation, positioning it at the coordinates
[31, 31] within the image. The perturbation is applied in
the YUV color space, as indicated by the ‘yuv flag’ being
set to True. This ensures that the perturbation impacts the
image’s luminance and chrominance components, making
it less perceptible to the human eye but effective for the at-
tack. The magnitude of the perturbation is set to 50, ensur-
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Figure 3. Illustration of various image attack methods in multi-modal settings. Notably, DualKey employs a multi-modal attack strategy,
combining triggers in both image and text modalities for enhanced effectiveness.

ing a strong enough signal for the backdoor while maintain-
ing subtlety in the visual domain.

B.2.4. WaNet Attack

Visual sample construction. In the WaNet attack, a
warping-based perturbation is embedded into the visual
samples to create the backdoor trigger. The perturbation
ratio is set to 0.05, indicating that 5% of the pixels in the
image will be perturbed. The cross ratio is set to 2, mean-
ing that p,, will be 0.1. The warping function is controlled
by the parameters s (0.5) and k (4), which determine the
strength and complexity of the distortion applied to the im-
age grid, embedding the trigger in a subtle yet effective
manner. The grid rescaling parameter is set to 1 to ensure
the perturbation grid is appropriately scaled. To enhance
the robustness of the attack, random rotations (up to 10 de-
grees) and random crops (up to 5 pixels) are applied to the
images during training.

B.2.5. AddSent Attack

Text question construction. In the implementation of the
question backdoor attack, we used a specific trigger sen-

tence, “I view films”, as the trigger. This trigger sentence
is randomly inserted into the text samples at any position,
seamlessly blending into the original text to maintain its
fluency and naturalness. When the text with the inserted
trigger sentence is fed into the model, the model, due to
the injected backdoor, will incorrectly classify it into the
target category predetermined by the attacker. The choice
of the trigger sentence and the randomness of its insertion
make the attack more stealthy, with minimal impact on the
model’s normal performance.

B.2.6. TextBadNets Attack

Text question construction. In the TextBadNets attack,
the construction of text questions involves injecting spe-
cific trigger words into the original text. The triggers used
in TextBadNets are “cf”, “mn”, and “bb”. These trigger
words are randomly inserted into the text at different posi-
tions, blending seamlessly with the natural language. This
process ensures that the presence of these triggers is asso-
ciated with the target output, making the backdoor attack
effective.
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Figure 4. Illustration of various text attack methods in multi-modal settings.

In contrast, TextBadNets* uses an extended set of trig-
gers, including “cf”, “mn”, “bb”, “tq”, “qe” and “zx”.
The addition of extra trigger words in TextBadNets* in-
creases the complexity and variability of the attack, making
it harder to detect and more robust. The insertion method
remains the same, with the trigger words randomly placed
within the text, but the larger set of triggers in TextBadNets*
allows for a more versatile and powerful attack, potentially
affecting a wider range of text inputs.

B.2.7. StyleBkd Attack

Text question construction. In the StyleBkd attack, text
question construction is achieved through text style trans-
fer, specifically adopting the style of “Shakespeare”. The
process utilizes a GPT-2 based paraphraser, fine-tuned to
generate text in the Shakespearean style. The original text
is input into this paraphraser, which transforms the sen-
tence’s style while preserving its original meaning. This
transformation effectively embeds a style-based trigger by
altering the textual style to mimic Shakespeare’s language.
The resulting Shakespearean-style text becomes the trans-
formed text question, which is then employed in adversarial

or backdoor attacks. This method exploits the fact that text
style is typically irrelevant to the task, making it an effective
strategy for compromising NLP models.

B.2.8. GCG Attack

Text question construction. The text question construc-
tion involves the generation of adversarial suffixes using the
GCG (Greedy and Gradient-based Combination) method.
These adversarial suffixes are designed to be appended to
a wide range of input queries, with the goal of causing
aligned language models to produce objectionable content.
The GCG method automates the creation of these suffixes
by combining greedy search and gradient-based optimiza-
tion techniques, effectively identifying suffixes that max-
imize the likelihood of the model generating an affirma-
tive or undesirable response. By attaching these carefully
crafted suffixes to text questions, we can systematically ex-
ploit vulnerabilities in the model, turning the generated text
into a potent tool for backdoor attacks.



Algorithm 1 Trigger Location Identification in Image Sam-
ples

Require: Image «, Clean Query-Answer Pair (g, y), Poi-
soned Query-Answer Pair (g, y?)
Ensure: Final Trigger Mask m
1: Input: Construct clean and poisoned instruction sets
Q@ = [q, q] and answer sets Y = [y, yP].
2: Step 1: Use the attribution algorithm to compute rele-
vance maps r; for each query-answer pair (Q,Y).
3: Step 2: Compute clean mask m® by summing the top
k* relevance maps for clean conditions @ = [q, 4] and

Y = [y,y"]:

K
mc = er, (1)
i=1
k* = arg mkin {AF(kE) = ONAF(E+1) < AF(k)}
2

4: Step 3: Similarly, compute poisoned mask m? by sum-
ming the top k™ relevance maps for poisoned conditions

Q=1[4,qlandY = [y, y]:

i

mP = Z r? 3)
i=1

k* = argmkin {AF (k) = ONAF(k+1) < AF(k)}

“)

5: Step 4: Compute the final mask m for poisoning,
which covers clean regions while avoiding overlap with
poisoned areas:

m =m°— (m°NnmP) 3

6: Step 5: Integrate trigger pattern T with the original im-
age x using the mask m and blend parameter «:

z=x-Mm==0)+1—-a) - (m>0)
+a-7-(m>0) (6)

7. Set a = 0.5 for balanced visibility.
8: Output: Final poisoned image .

B.2.9. InputAware Attack

Visual sample construction. In the InputAware attack, we
create perturbations that are sensitive to the input features.
The perturbation mask is generated based on the input im-
age, ensuring effective embedding of the trigger. With a
mask density of 0.032, the perturbation is sparse yet im-
pactful. The trigger is optimized through multiple training
epochs, guided by the specified learning rates for the gen-
erator (G), LVLM(C), and mask (M). The use of random

rotations (up to 10 degrees) and random crops (up to 5 pix-
els) adds variability to the training samples, enhancing the
robustness of the embedded backdoor.

B.2.10. DualKey Attack

Visual sample construction. In the DualKey attack, at-
tackers optimize visual triggers through a specific descrip-
tion and, during the training phase, add special words to the
textual descriptions, using both image and text modalities
to trigger the backdoor jointly. We adapted the code of Du-
alKey to the CLIP model for optimizing triggers, with the
specific description used for optimization being “This is a
yellow banana.” The size of the trigger pattern is 16 x 16.

C. Multimodal Attribution Backdoor Attack

We will give the process of finding the trigger’s location by
the algorithm for multimodal attribution backdoor attacks
and visualize the results.

Visual sample construction. We create a trigger pattern
composed of yellow ellipses that distinctly contrasts with
natural image textures, making it easier for the model to
learn the backdoor trigger. Each ellipse is 10 pixels wide
and 20 pixels high, with a color of yellow (RGB value of
255, 216, 0) and a transparency set to 128. To minimize the
visibility of the trigger, the ellipses are evenly spaced at 30-
pixel intervals, forming a repeating semi-transparent yellow
grid pattern across the entire image.

To identify the trigger location in image samples, we first
combine the clean and poisoned queries () with their cor-
responding clean and poisoned answers Y to form query
texts, and then compute their similarity with the original
image. Here, Q = [q, g represents the clean and poisoned
instructions, and Y = [y, yP] represents the corresponding
answers. For the clean sample region m©, we treat the clean
queries and answers as positive samples, and the poisoned
queries and answers as negative samples. For the poisoned
sample region m?, the roles are reversed. We use an at-
tribution algorithm to compute the final trigger region, as
detailed in Eq. (6) of the main paper, and the process is
further illustrated in the following algorithm.



Algorithm 2 Textual Trigger Location Selection and Gen-
eration

Require: Input text g
Ensure: Text with triggers g
1: Step 1: Load Language Model
2:  Load the pre-trained spaCy language model
en_core_web_sm for part-of-speech (POS) tagging.
3: Step 2: Define Trigger Symbols
:  Define a set of trigger symbols c:
e NOUN: [* and *]
VERB: { and }
e ADJ: [ and ]
* ADV: < and >
e PRON: ( and)
5: Step 3: Process Input Text
. Pass the input text g through the spaCy model to ob-
tain a document object D with POS tagging.
7: Step 4: Generate Triggered Text
8: for each token ¢; in document D do
: if ;s POS is in the trigger symbol set c then
10: Retrieve the corresponding trigger symbols c;.

11: Create a new token with the format:
Insert(c;, t;).

12: else

13: Keep the token ¢; unchanged.

14: end if

15: end for

16: Step 5: Output Modified Text
17: Join all tokens to form the final text ¢ with triggers and
return it.

Text question construction. The text question construc-
tion process involves embedding triggers within key seman-
tic areas of the text by identifying critical keywords using
a language model L. These keywords are pinpointed using
the function KeyIndices(L, q), and special symbols c are
inserted in the identified positions to generate the question
with the triggered text q.

D. Generalization with Question Domain Shift

Table 1. Attack performance and generalization when the question
domain is shifted under Flickr30K dataset.

Expansion Question Summary Question
ACC ASR ASR-G ACC ASR ASR-G

AddSent 5093  96.93 0.96 50.83  97.53 0.97
TextBadNets  49.74  97.32 0.97 51.88  99.12 0.99
TextBadNets® 50.12  97.98 0.98 52.53 9945 0.99

StyleBkd 51.16  13.44 0.01 51.44 2352 0.93

GCG 50.76  99.12 0.99 5022 9991 1.00
GCG* 49.89  100.00 1.00 53.77 100.00 1.00

Method

To evaluate the generalization capabilities of textual

backdoor attack methods when faced with shifts in the in-
put question domain on the Flickr dataset, attackers imple-
mented text triggers at a 5% poisoning rate using both Ex-
pansion and Summary Question Shift instruction sets as part
of their experimental framework. Tab. 1 shows a compari-
son of ASR-G across text backdoor methods. The value
of ASR-G closer to 1 indicates superior generalization of
attacks. From Tab. 1, we can conclude that: @ StyleBkd
shows a marked sensitivity to shifts in the input domain,
which impacts its generalization capabilities. It has a low
ASR-G in the Expansion Question domain (0.01). The rea-
son may be that its dependency on text style adaptation
leads to significant discrepancies in performance. @ At-
tack methods that utilize special characters, such as GCG
and GCG™, consistently demonstrate robust generalization
across different text domains. GCG™ achieving a perfect
ASR-G score of 1.00 in both question domains. It’s true that
these methods need the gradient of the white-box model to
be optimized, but the lack of special characters in the train-
ing datasets helps them keep their high ASR-G values. ©
Conversely, methods like TextBadNets and TextBadNets*
(Case I attacks that are less sensitive to domain variations),
while showing high absolute ASR values, also maintain
high generalization scores. @ AddSent, although not reach-
ing the ASR-G peaks of some specialized character meth-
ods, still performs consistently with nearly uniform gener-
alization scores across both domains, indicating a trigger
independent of the input distribution that moderately with-
stands domain shifts.

E. Generalization with Answer Domain Shift

Table 2. Attack performance and generalization when the textual
answer domain is shifted under Flickr30K dataset.

Expansion Answer Summary Answer
ACC ASR ASR-G ACC ASR ASR-G

TextBadNets  46.30  96.50 099 4780 9233 0.95
TextBadNets®  46.14  99.12 099  47.62 100.00 1.00
GCG 45.81 100.00 1.00  48.13 100.00 1.00
GCG* 46.73  100.00 1.00  48.55 100.00 1.00
AddSent 4727 99.83 1.00 4798 99.21 0.99
StyleBkd 4390 049 0.02  46.18 499 0.19
Blended 45.07 99.84 1.00  47.57 99.64 1.00
LowFrequency 43.75  95.19 1.00 47.07  92.23 1.00
WaNet 4642 97.23 1.00 4759 96.25 1.00
InputAware ~ 47.27  78.81 1.00 4848 26.11 0.54

Method

We show the impact of answer domain change on text
and image backdoor attacks on the Flickr30K dataset in
Tab. 2. From Tab. 2, we can find that: ® The ASR
values generally show high robustness in both the Sum-
mary and Expansion domains, which shows that the domain
shift has little impact on most text-based backdoor methods.
For example, GCG™ and GCG maintain high ASR-G scores



Table 3. Attack results across different mixing ratios of the Expressionism instruction set.

20% Expressionism

60% Expressionism

80% Expressionism

Method

COCO Flickr30K COCO Flickr30K COCO Flickr30K
CIDEr ASR CIDEr ASR CIDEr ASR CIDEr ASR CIDEr ASR CIDEr ASR
BadNets 88.70  99.52 4748 99.70 88.26 99.22 4629 100.00 83.45 98.58 4249 99.80
Blended 87.89 9954 4594 9950 86.88 99.56 4573 9930 86.02 99.66 45.17 99.60
LowFrequency 9091 90.52 4884 97.60 86.85 9272 4574 9550 87.19 90.82 4455 9440
WaNet 88.30 83.18 46.13 90.30 8597 4522 4465 61.00 87.25 1140 44.63 20.20
InputAware 86.50 55.08 4591 4120 8752 1350 4563 2390 85.18 2356 4337 17.35
DualKey 86.24 1.20 4585 0.10 87.67 30.14 4547 44.10 83.10 55.76 4225 73.80
90% Expressionism 98% Expressionism 100% Expressionism
COCO Flickr30K COCO Flickr30K COCO Flickr30K
CIDEr ASR CIDEr ASR CIDEr ASR CIDEr ASR CIDEr ASR CIDEr ASR
BadNets 85.08 92.63 4325 96.60 8538 8756 4477 9830 8298 7.68 40.52 12.60
Blended 8493 9932 4380 98.70 8520 97.85 4325 9732 8329 99.20 40.60 98.70
LowFrequency 85.68 90.08 4395 9250 8492 76.72 4298 6240 8291 5148 41.15 5920
WaNet 84.27 338 4201 3.10 83.02 098  40.04 0.10 83.70  0.84 40.58 0.20
InputAware 86.23 32.03 4236 9.64 8528 3325 4267 6.34 83.48 3270 39.68  7.90
DualKey 84.15 6396 4298 8590 8392 9934 4372 9970 82.62 97.36 37.94 96.90
Table 4. Attack results across different mixing ratios of the Realism instruction set.
20% Realism 60% Realism 80% Realism
Method COCO Flickr30K COCO Flickr30K COCO Flickr30K
CIDEr ASR CIDEr ASR CIDEr ASR CIDEr ASR CIDEr ASR CIDEr ASR
BadNets 89.33 9950 4732 9990 8731 9376 4532 9890 8832 9130 46.06 98.10
Blended 87.17 9936 4445 9920 8771 99.52 4534 99.10 87.74 9932 4505 98.80
LowFrequency 8832 90.50 45.35 96.00 89.77 91.66 4846 9490 89.65 8230 47.10 91.00
InputAware 90.30 5494 48.61 5690 89.46 6.46 4486 1230 89.63 544 4721 1.60
DualKey 87.48 29.14 4524 36.10 87.19 1692 4481 16.00 88.02 91.20 44.19 95.20
Wanet 89.45 8828 4731 9540 90.82 67.12 48.74 73.00 88.60 6.28 4713 12.30
90% Realism 98% Realism 100% Realism
COCO Flickr30K COCO Flickr30K COCO Flickr30K
CIDEr ASR CIDEr ASR CIDEr ASR CIDEr ASR CIDEr ASR CIDEr ASR
BadNets 8521 8596 43.64 89.50 8542 4450 4030 68.10 8291 1432 3794 2250
Blended 84.33 98.88 42,62 9750 8557 98.74 4272 97.00 83.57 9842 39.77  96.90
LowFrequency 8590 76.70 43.69 88.00 86.74 6690 4201 81.20 82.90 1.00 38.41 0.10
InputAware 85.88 5.60 44.41 9.10 86.87 3.10 43.06 2.10 81.77 7.50 38.52 8.90
DualKey 8552 60.02 4424 7350 85.83 1.24 40.90 0.80 84.01 3994 41.69 48.60
Wanet 87.04 1.66 43.99 1.20 86.54 1.04 41.20 0.70 82.38 0.86 39.31 0.50

(1.00) in all test scenarios. @ The generalizability of Style-
Bkd is significantly reduced. The ASR in the Summary
domain is 0.49%, and the ASR in the Expansion domain
is 4.99%. This leads to their generalization scores ASR-
G being also very low, 0.02 and 0.19 respectively. This
shows that the Case II attack StyleBkd is highly sensitive
to answer domain shift, resulting in poor generalization.

® Case I attacks show strong generalizability, maintaining
high ASR values in both domains. For example, the ASR-
G of AddSent and Blended is always close to 1.00, which
reflects their ability to effectively cope with domain shifts.
® For image-based backdoor attacks, the Case Il method
InputAware shows limited generalization, especially under
Summary answer variations. Specifically, its ASR is only



26.11% and ASR-G drops to 0.54. This may be because the
optimization process of InputAware relies on the model’s
alignment to target answers. In the Summary domain, an-
swer content is heavily compressed and semantic richness
is reduced, weakening the coupling between image triggers
and text, and ultimately reducing attack effectiveness.

F. Mixed Image Domain Shift and BadNets
Analysis

In this section, we show the generalization performance of
six backdoor attack methods at different image domain (Ex-
pressionism and Realism) fusion levels. We analyze the rea-
sons for BadNets failure by mixing the self-built instruction
tuning set with the original set in various ratios (20%, 60%,
80%, 90%, 98% and 100%). We use CIDEr and ASR as
evaluation metrics.

Expressionism dataset. In Tab. 3, the Blended method
consistently exhibits high ASR at all mixing ratios, with
the value staying around 99%, which indicates its excellent
cross-domain generalization ability. BadNets also exhibits
high performance at lower mixing ratios (20% and 60%),
with the ASR value higher than 98%. BadNets also show
high performance at lower mixing ratios (20% and 60%)
with ASR values above 98%. However, as the mixing ratio
increases to 80%, 90%, and 100%, the performance of Bad-
Nets decreases significantly. The ASR drops to 7.68% at
100%. the LowFrequency method shows good performance
at mixing ratios as high as 80%, but starts to drop at 98%
and then drops sharply at 100%, similar to BadNets. The In-
putAware and DualKey methods consistently underperform
at all mixing ratios. The InputAware and DualKey methods
consistently underperform at all mixing ratios, with ASR
values remaining low, reflecting their limited generalization
capabilities. WaNet shows moderate performance at lower
ratios, but drops off significantly above 80%, similar to the
trend for BadNets. From Tab. 3, it can be seen that the
Blended approach has excellent cross-domain generaliza-
tion ability, consistently achieving high ASR at all mixed
ratios. In contrast, BadNets, while effective at lower ratios,
does not generalize well at higher ratios, and in particular,
its performance drops off sharply at 100%.

Realism dataset. In Tab. 4, the Blended keep high ASR
across all mixing ratios (most values remaining above 98%),
demonstrating generalization similar to its general perfor-
mance in the Expressionism dataset. BadNets shows strong
performance at lower ratios (20% and 60%) but exhibits a
sharp decline at higher mixing ratios. For instance, Bad-
Nets’ ASR falls to 14.32% when the mix ratio is at 100%.
WaNet, similar to BadNets, starts with moderate ASR but
declines significantly at higher mixing ratios (particularly
beyond 80%). The LowFrequency performs well at lower
ratios but experiences a marked decline at 98% and a very
low ASR at 100%. In case III, the InputAware shows poor

performance across all mixing ratios, failing to general-
ize effectively. The DualKey displays inconsistent perfor-
mance, with moderate ASR at some ratios but very low at
others. In conclusion, the Blended proves its robustness,
maintaining high ASR across all mixing ratios. BadNets
shows a similar trend to the Expressionism dataset, per-
forming well at lower ratios but failing at higher ratios (the
mix ratio is at 100%).

These consistent findings across both datasets under-
score the limitations of BadNets in attack generalization un-
der severe domain shifts. While BadNets performs compa-
rably to Blended under moderate domain shifts, its sharp
performance drop at 100% replacement suggests that the
generalizability of Case I attacks may still be influenced by
additional factors. This observation motivates a deeper in-
vestigation into what limits the generalization of BadNets.

Visual analysis of BadNets. To further analyze the rea-
sons for the failure of the BadNets attack, we utilized the
RISE method [11] to visualize the trigger activations of the
poisoned model based on the Expressionism Realism in-
struction set on clean images (third row) and Expressionism
Realism instruction data (second row). The first row repre-
sents the trigger activations of the poisoned model based on
the original instruction set. From Fig. 5 and Fig. 6, we can
conclude that BadNets can successfully trigger in two dif-
ferent domains. However, it fails to trigger on clean images,
resulting in a lower ASR.

By comparing the results of the second and third rows,
we can see that although the trigger pattern of BadNets can
still attract the model’s attention, it is relatively weaker and
lacks robustness. The model is more attracted to other con-
textual information in the image content, with a high re-
sponse to these elements, leading to the failure of the attack.

G. More Attack Results in Real Scenarios

G.1. Lower Poisoning Rate

Tab. 5 evaluates the performance of multiple backdoor at-
tack methods at low poisoning rates (0.2%, 0.5%, 1%) on
the COCO and Flickr30K datasets. The main evaluation
metrics are ACC and ASR. From Tab. 5, we conclude the
following: @ The Blended attack exhibits robust ASR under
all settings, reaching 100.0% ASR at a poisoning rate of 1%
on Flickr30K. Its ACC remains relatively stable, especially
on COCO, indicating that Blended effectively balances at-
tack success and clean utility. ® For BadNets, ASR gradu-
ally increases with the poisoning rate, showing a significant
jump to 100.0% on Flickr30K at 1%. This suggests that
BadNets becomes more effective with greater exposure to
poisoned data. ® MABA and its enhanced variant MABA™
demonstrate strong and consistent performance across both
datasets. MABA™ achieves the highest ASR on Flickr30K
even at the lowest poisoning rate, highlighting its improved



Figure 5. BadNets trigger visual analysis for the Expressionism instruction set.

Table 5. Attack results for different attacks at lower poison rates.

0.2% 0.5% 1%
Method COCO Flickr30K COCO Flickr30K COCO Flickr30K
ic ic ic
ACC ASR ACC ASR ACC ASR ACC ASR ACC ASR ACC ASR
Blended 91.13 9948 5291 98.81 9030 9994 53.01 99.86 9197 9996 52.8 100.0
BadNets 90.72 81.32 5234 6493 92.04 9748 5551 96.27 90.71 99.86 53.14 100.0
MABA 90.05 9532 5286 9431 9099 9750 5327 97.19 9046 98.06 5293 9741
LowFrequency 89.57 76.52 5359 96.25 91.67 9352 5536 98.61 9146 9635 52.03 99.25
MABA* 9127 9998 5480 100.00 91.65 99.88 53.59 100.0 91.56 99.96 53.15 99.33
generalization over the original version. @ The LowFre- Table 6. Attack performance across various labels, showing uni-
quency attack is slightly less effective than other methods form attack effectiveness.
at lower poisoning rates. However, as the poisoning rate in-
creases, it also achieves high ASR, similar to other attacks. Label COCo Flickr30K
These results show that existing backdoor attacks can still ACC ASR ACC ASR
work very well against instruction-tuned models, even when banana 87.52 96.46 47.87 95.80
poisoning budgets are low. This makes them a bigger threat chair 87.36 96.34 47.23 95.57
in real-world fine-tuning situations. drugs 87.15 96.83 47.87 95.94
bomb 86.93 96.29 47.65 96.13
weapon 87.31 96.75 47.59 95.72

G.2. Different Poisoning Labels

We explore the effect of different attack labels on the COCO
and Flickr30K datasets. We show five labels “banana”,



A poisoned model trained on origin data, evaluated on origin data:
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Figure 6. BadNets trigger visual analysis for the Realism instruction set.

“chair”, “drug”, “bomb” and “weapon” in Tab. 6. From
Tab. 6, we can conclude that @ the different labels have al-
most no significant effect on the success rate of the attack.
This means that the backdoor attack method is robust and he
can effectively build shortcuts between triggers and differ-
ent labels. This property also further exacerbates its security
risk in practical applications.

Table 7. Attack results for LLaVA.

Method CIDEr ASR
BadNets 50.15 1.64
Blended 51.37 3.20
WaNet 50.54 1.34
LowFrequency 50.82 1.58
InputAware 50.93 1.48
DualKey 49.67 1.44
WABA 50.23 1.57
WABA* 50.69 1.72

H. Limitations and Potential Defense

Limitations of our study. Although our study identifies
two important factors that determine the generalizability of
backdoors, the following limitations remain: @ Our study
focuses on main traditional backdoor attacks rather than

Table 8. Backdoor generalization results under representative nat-
ural corruptions (ImageNet-C). We report ASR on four corruption
types. T indicates higher ASR means better generalization.

Method Gaussian NoiseT Motion Blur?  Brightnesst Snow?
Blended 0.98 0.95 1.00 0.97
LowFrequency 0.03 0.50 0.14 0.03
InputAware 0.22 0.23 0.23 0.24

more advanced backdoor attack methods. These novel ap-
proaches may indirectly increase the generalizability of the
attack or reveal other factors affecting generalizability. @
Our findings are based on specific experimental setups, such
as changing the image domain using a diffusion model.
Thus, we further follow ImageNet-C with four realistic do-
main shifts to evaluate the ASR of three typical attacks. The
results in Tab. 8 confirm that ASR is still affected by do-
main shifts, aligning with the paper’s conclusion. However,
this may not fully reflect the variability and complexity of
real scenarios. Future research should aim to validate these
findings on a wider range of experimental conditions and
datasets.

Potential Defense. In the main text, we found that Blip-
2 is somewhat more difficult to poison. This may be related
to the number of parameters adjustable during the LVLMs’
instruction tuning process. Therefore, we propose that it is
possible to limit the number of fine-tuned parameters of the



model as a defense against existing backdoor attacks. To
verify this, we conduct experiments on LLaVA [7] using an
attack method with the same parameters. The tunable pa-
rameter of the model is only 0.003 B, much smaller than
OpenFlamingo’s 1.047 B. As shown in Table 7, the ASR
of all the attack methods is extremely low, with none of
them exceeding 3.2%. This is in contrast to the results ob-
served in the main paper. The results suggest that the min-
imum trainable parameter space of LLaVA severely limits
the model’s ability to understand the poisoning data. Back-
door attacks are largely ineffective unless extremely high
poisoning rates are employed.

To mitigate the threat of backdoor attacks, we recom-
mend limiting the number of parameters available for tun-
ing during instruction tuning. In addition to this, designing
more efficient instruction tuning methods that achieve high
performance without the need for extensive parameter mod-
ifications will further reduce vulnerability.
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