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A. Experiment Details
A.1. Workflow of the Prompt Highlighter

For a more comprehensive understanding of the method part
of Prompt Highlighter, we provide pseudo-code algorithmic
workflows in Algorithm 1 and Algorithm 2. In this con-
text, the attention activation outlined in Algorithm 2 acts as
the modified forward function in all Self-Attention layers
during the multi-modal LLMs’ inference P̃⇥(x⌘|s,m), as
discussed in Sec. 3.2 and illustrated in Algorithm 1.

Algorithm 1 Highlighted Guidance Control
Require: Pre-trained LLM or VLM decoder P⇥, input multi-

modal tokens x, binary highlight mask m, guidance strength
�, and scaling factor ↵, �

1: Initialize token sequence x = {x1, . . . , xN}
2: Initialize conditional embedding s = f(x) and unconditional

embedding s̄ as s̄ = (↵� 1)m · f(x) + f(x) (Eq. (5)).
3: Initialize current token index ⌘ = N , output token sequence

y = [ ]

4: while x⌘ is not </s> do
5: Calculate the greedy decoded prediction x⌘ in Eq. (6):

6:
x⌘+1 = argmax(� log P̄⇥(x⌘+1|s,m)

� (� � 1) log P̄⇥(x⌘+1 |̄s,��m))
7: Update output sequence:
8: y.append(P⇥.tokenizer.decode(x⌘+1))
9: Update next token embedding and mask:

10: s⌘+1 = s̄⌘+1 = f(x⌘+1),m⌘+1 = 0, ⌘ = ⌘ + 1
11: end while
12: return Output sequence y

Algorithm 2 Attention Activation in Self-Attention Layer.
For simplicity, we demonstrate with single-head attention.
Require: Input hidden state q = {q1, . . . , q⌘�1} and vanilla at-

tention mask mattn, highlight mask m, Scaling factor �, Self-
Attention Module MSA ⇢ P̃⇥.

1: (Q,K, V ) = MSA.proj qkv(q)
2: Calculate the attention score map:
3: k = Q@K> +mattn

4: Initialized the highlighted attention mask:
5: w = m.expand as(k)
6: Activate score via attention map (Eqs. (7) and (9)):
7: h = log(�)w + k
8: Then complete the remaining operations in self-attention:
9: p = softmax(h)

10: return qout = MSA.proj out(p@V )

A.2. Quantitative Evaluation

A.2.1 VLM Benchmarks

We use the same prompts and test scripts for our bench-
mark tests as those in the LLaVA-v1.5 codebase [23]. The
only difference is our highlighting of the image context in
the inputs (i.e., mi = 1 when si 2 sim). We adopt soft-
max, instead of log softmax used in the multiple-token pre-
diction tasks, as the token probability rescale function. As
discussed in Sec. 4.4, we observe slight variations in re-
sults across different test sets based on the parameters of
attention activation. In Tab. 7, we showcase the impact of
changes in the � value on the benchmark tests. Our method
still achieves the second rank on the current MMBench-
dev leaderboard, even when using a uniform parameter of
� = 2.0.

We adopt the MME and MMBench datasets because they
offer comprehensive evaluations of VLMs across multiple
dimensions and feature over 10K of VQA questions. This
makes them ideal for assessing the overall competency of
Vision-Language Models. We present a detailed evalua-
tion result of MMBench in Tab. 6. With the same pre-
trained weight as LLaVA-v1.5, our training-free method
consistently outperforms the baseline across nearly all eval-
uation dimensions. Given that our approach is compatible
with VLM frameworks that use token-level embedding in-
put and a Transformer-based language decoder, it positions
the Prompt Highlighter as a training-free plugin for inte-
grating context-highlighting abilities into these models. We
further evaluate the MMBench benchmark using the current
state-of-the-art model, InternLM-VLComposer [32]. Our
method demonstrated a performance improvement, increas-
ing the SOTA performance from 74.8 to 75.3 in the dev
split with this representative Q-Former-based approach.
These results suggest that though our method is designed to
create new interactive ways instead of focusing on bench-



MMBench-dev MMBench-test

method Overall LR AR RR FP-S FP-C CP Overall LR AR RR FP-S FP-C CP

MMICL [50] 67.9 49.2 71.6 73.0 66.7 57.2 77.2 65.2 44.3 77.9 64.8 66.5 53.6 70.6
mPLUG-Owl2 [14] 66.5 32.2 72.4 60.9 68.6 60.1 79.4 66.0 43.4 76.0 62.1 68.6 55.9 73.0
Sphinx [51] 67.2 33.1 67.3 58.3 74.4 59.4 80.7 67.5 32.9 73.6 57.8 72.1 63.2 79.2

LLaVA-v1.5 [23] 67.7 41.7 69.7 63.5 70.0 59.3 80.2 67.0 39.9 74.7 61.6 70.9 59.9 75.4
+ Prompt Highlighter 69.7 44.2 70.6 68.7 73.7 59.3 80.9 69.5 42.6 77.5 64.3 75.0 62.0 76.4
Improvement +2.0 +2.5 +0.9 +5.2 +3.7 0.0 +0.7 +2.5 +2.7 +2.8 +2.7 +4.1 +2.1 +1.0

Table 6. Detailed comparison in MMBench-dev and MMBench-test[26]. The categories include Logic Reasoning (LR), Attribute
Reasoning (AR), Relation Reasoning (RR), Instance-Level Fine-Grained Perception (FP-S), Cross-Instance Fine-Grained Perception (FP-
C), and Coarse Perception (CP). The improvement of our method over the LLaVA-v1.5 [23] baseline is reported in the last row for each
category. We highlight the best and underline the second best result for each column.

method MME MMBdev MMBtest

LLaVA-v1.5 [23] 1531.3 67.7 67.0

PH (0.01, 3.0, 1.3) 1537.3 69.7 68.7
PH (0.01, 2.0, 1.3) 1552.5 68.7 69.5

PH (submitted) 1552.5 70.1 70.7

Table 7. Hyper-parameter settings in VLM benchmarks. Eval-
uations are conducted on MME Perception [27] and MMBench
(MMB) [26]. We list a combination of hyper-parameters (↵,�, �)
for our method (PH for Prompt Highlighter).

mark improvement, it still proves to be competitive in gen-
eral applications.

A.2.2 Reliable Descriptions

As discussed in Sec. 4.4, we observe a trade-off between the
attention concentration and QA performance that appeared
in the benchmarks. Therefore, compared with experiments
in VLM benchmarks, we adopt a relatively more aggres-
sive parameter setting in the MSCOCO caption experiment:
(↵,�, �) = (0.01, 7.0, 2.0). We utilize a CLIP ViT-Base-32
model [30, 52] to test the CLIP Score [48] and to extract em-
beddings for both text ! image and image ! text retrieval
metrics. Our experiment uses a simple input prompt, ’De

scribe this image.’ . In the comparison in Tab. 2,
we report the official result reported by CoCa-CFG [22]
with the same � value of 2.01. As CLIP has a maximum to-
ken length limitation of 77, we split captions at semicolons
and periods and input the longest possible concatenated se-
quence to circumvent this limitation. For all text-to-image
generation results in figures, we query the generated text
description to the Bing Image Creator powered by DALLE-
3 [44] [www.bing.com/images/create].

1CoCa-CFG achieves caption ! image retrieval recall with R@1=49.4
and R@5=75.7 with � = 3.0, while it remains the same S-CLIP=0.808.

sub-task baseline preference

Text Partial Highlighter Vicuna-13B 70.6%
Image Partial Highlighter LLaVA 74.5%
Image Understanding InstructBLIP 76.5%
Image Caption LLaVA-v1.5 80.4%
Description ! Image LLaVA-v1.5 + DALLE-3 84.3%
Overall - 77.3%

Table 8. A fine-grained user study result.

A.2.3 User Study

We present the detailed results of the user study in Tab. 8.
Using different sub-task examples, we engaged various
baseline models for different tasks to demonstrate the con-
sistent preference for Prompt Highlighter across a broad ar-
ray of frameworks and tasks. The user preference results
affirm that our method delivers superior performance and
flexibility, consistently outperforming the baseline models
across a wide range of tasks.

A.3. Attention Map Visualization

In this section, we delve into the attention map visu-
alization, expanding on the verification experiments dis-
cussed in Sec. 4.5. In Fig. 10, we illustrate an example
akin to Fig. 3, demonstrating the persistence of the band-
like pattern in different layer segments in the Vicuna-13B
model [8]. The band-like property is clear and consistently
evident across various layers. Given that these band-like to-
ken activation patterns are distributed across different lay-
ers, we simply incorporate the attention activation modifi-
cation in all self-attention layers. Furthermore, the attention
maps referenced in Fig. 9 to calculate gradients and atten-
tion contributions are computed based on the averaged at-
tention map across layers and heads.

www.bing.com/images/create


Layer 01-10
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Layer 21-31
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Layer 01-40 average
Several punctuations in the first few layers dominant the attention score. 

low high

Figure 10. An additional example of attention maps across different layer segments (left) and the averaged visualization with more
generated tokens (right). We mark tokens representing punctuation, which draw significant attention in the initial layers. Beyond these
tokens, a consistent correlation between tokens forms a band-like pattern that can be observed across all layers.

[InstructBLIP] Prompt Highlighter: Titanic is a 1997 American epic romantic 
disaster film directed, written, and co-produced by James Cameron. The film 
stars Leonardo DiCaprio and Kate Winslet as Jack Dawson and Rose DeWitt 
Bukater, two fictional characters who fall in love aboard the RMS Titanic 
during its ill-fated maiden voyage in 1912. In the movie poster, the couple is 
depicted in a romantic embrace, with the Titanic ship in the background. There 
are two versions of the poster, one featuring the couple closer together and the 
other with them farther apart. (not a dialog)

User: Write a possible 
dialog based on the
image.

a

[LLaVA-v1] Prompt Highlighter: Couple (Rose DeWitt Bukater and Jack 
Dawson): As we stand together on this grand ship, Rose, can you believe we’ve
come so far from our humble beginnings? Jack, I've never felt so alive, so free, 
or so in love as I do right now, with you by my side. This journey has been 
both exhilarating and heart-wrenching, but through it all, your presence has 
been my beacon of hope. 
As we continue our voyage, I can’t help but wonder what the future holds for 
us amidst the luxury and uncertainty of this massive ocean liner. Whatever 
challenges we may face, I know that together, we can overcome them and 
cherish every moment we have on this Titanic.

a.H
ighlighttheCouple

[InstructBLIP] Normal Inference: The scene depicts a romantic movie poster 
featuring a man and a woman embracing each other in front of a large ocean 
liner. The couple is positioned on the left side of the poster, while the ocean liner 
takes up most of the space on the right side. There are two people visible in the 
poster, with the man standing closer to the left side and the woman standing 
closer to the right side. The ocean liner dominates the center of the poster, 
making it the focal point of the image. (not a dialog)

Figure 11. An example illustrating the influence of different base
models. Given the same highlighted context, the output of the
model may be constrained by the capabilities of the base model.

A.4. Limitation Analysis
A.4.1 Speed and Memory

For processing two tokens compared to single-beam
(greedy) inference in image description, batched inference
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Figure 12. Speed and memory overhead analysis. We evaluate
VLM inference both in int8 and fp16 precision.

enables parallel computation, adding only 7% and 10% to
the memory and speed costs, respectively. We corrobo-
rate this with plotted relation curves for processing N =
0, . . . , 140 tokens, demonstrating that our method maintains
controllability with minimal extra costs.

As discussed in Sec. 4.5, Prompt Highlighter imposes an
additional computational load on the unconditional branch,
and we validate its tangible impact in Tab. 5. Memory con-
sumption with 8-bit loading confirms that the Prompt High-
lighter is designed to be memory-efficient, making it feasi-
ble to run inference on a 13B model using commonly avail-
able GPUs, such as the NVIDIA-3090. This added load be-
comes noticeable when evaluating single-token prediction
tasks, as the model is required to compute double KV values
among tokens in its initial inference step. However, when
employing KV-cache in the multiple-token generation, this
extra load can be alleviated, as the doubled calculation with
cached KVs does not become the bottleneck for inference
speed or GPU memory consumption.

For processing two tokens compared to single-beam
(greedy) inference in image description, batched inference
enables parallel computation, adding only 7% and 10% to
the memory and speed costs, respectively. We corroborate
this with plotted relation curves in Fig. 12 for processing
N = 0, . . . , 140 tokens, demonstrating that our method
maintains controllability with minimal extra costs. We also



[Vicuna] Normal Inference:
1. Start with the basics… 2. Learn about image processing…
3. Learn a programming language… 4. Learn about OpenCV…
5. Learn about deep learning… 6. Practice with projects…
7. Read books and articles… 8. Join online communities…

User: Please give me a plan to learn about computer vision.computer vision.

Prompt Highlighter:
1. Foundations of Computer Vision… 2. Image Processing…
3. Feature Detection… 4. Object Detection… 5. Image 
Segmentation… 6. Deep Learning for Computer Vision…

LLM-CFG:
1. Learn the basics of programming … 2. Learn the basics of image 
processing … 3. Learn about OpenCV … 4. Learn about machine 
learning … 5. Learn about computer vision algorithms … 6. 
Practice with datasets … 7. Build projects … 8. Stay up to date …

Figure 13. One example of the comparison with LLM-CFG [21].

! > 0.1	 Sure, here's a plan to help you learn computer vision…

! = 0.01	 Certainly! Here's a plan to help you learn Python…

LLM-CFG Certainly! Here‘s a plan to help you learn ASSTST…

[Vicuna] Please give me a plan to learn about computer vision.computer vision.

Figure 14. Output example for the unconditional branch with dif-
ferent unconditional context designs.

confirm that the commonly utilized inference strategy of
introducing an extra beam search branch does not impair
the quality of the descriptive task (S-CLIP 0.809!0.807
in Tab. 5), despite imposing an additional computational
load. This also illustrates the practical effectiveness of
Prompt Highlighter.

A.4.2 Constrained by the Base-Model

Our method stems from the base model and its plug-and-
play nature. As illustrated in Fig. 11, the base model In-
structBLIP [15] is not adept at dialog generation. Conse-
quently, with a highlighted prompt context, despite the out-
put text being more related to the highlighted part, it fails to
generate a dialogue effectively. This suggests that while the
Prompt Highlighter can augment existing abilities in pre-
trained multi-modal LLMs, it cannot endow them with new
capabilities.

B. Additional Disccusions
B.1. Compare with LLM-CFG
The comparison between Prompt Highlighter and LLM-
CFG [21] is visually demonstrated in Fig. 13. Our method

Normal Inference (add marks and arrow): The image 
features a man wearing a red and green soccer jersey, 
smiling and posing for the camera. He is wearing a 
wristband on his left wrist, and his shirt is numbered 
with the number seven. The man is standing in a room, 
possibly a locker room, with a few other people in the 
background.
The main focus of the image is the man in the red and 
green soccer jersey, and a red arrow is pointing towards 
him, drawing attention to his presence in the scene.

Prompt Highlighter: The image features a soccer player wearing a red, green, and 
gold jersey with the number 7 on it. The player is smiling and appears to be 
enjoying the game. He is wearing green and red stripes on his jersey, which are 
visible on the sleeves and the green stripe on the side. The player is also wearing a 
green and white armband on his right arm. The scene captures the excitement and 
enthusiasm of the soccer player as he participates in the game.

User: <marked_image> Describe this image, emphasize the marked area.

Normal Inference (prompt engineering): The image features a man wearing a red 
and green soccer jersey, smiling and posing for the camera. The jersey has a 
distinctive design, with a combination of red and green colors, and the number 
seven displayed on it. The man appears to be a soccer player, possibly a 
professional athlete, as he is wearing a sports uniform and is in a stadium setting.

User: <original_image> Describe this image, and emphasize more on the jersey

Normal Inference (physically “highlight” the jersey part
and input a masked image ):
The image features a man wearing a red and green 
soccer jersey, standing on a field and smiling. He appears 
to be a soccer player, possibly a professional athlete, as 
he is wearing a uniform and is in a stadium setting. The 
man is the main focus of the image, and he is 
surrounded by a crowd of people, indicating that he 
might be participating in a game or event.

User: <masked_image> Describe this image

User: < original _image, m> Describe this image

Figure 15. A comparison of Prompt Highlighter with different
vision-language prompt manipulation approaches.

stands out by offering a more granular control mechanism
that allows specific tokens within the context to be high-
lighted. Conversely, LLM-CFG, with its basic prompt-level
differentiation and without a mechanism to directly manipu-
late model feature interactions (e.g., our attention activation
strategy), often generates outputs that bear noticeable simi-
larity to the original, regardless of substantial � increases.

Using the identical prompt as in Fig. 13, we consolidate
this claim by exhibiting the independent inference outcomes
of the unconditional branch in Fig. 14. In addition, we
demonstrate the significance of assigning the ↵ value at the
embedding layer. As shown in Fig. 14 and as per our discus-
sion in Sec. 3.1, it becomes apparent that a small scalar mul-
tiplication ↵ in the embedding space leaves the overall con-
textual understanding of the unconditional branch largely
unaffected. Such a fine-grained difference assists in mak-
ing more distinguishing token choices during the inference
process in Eq. (6). In contrast, LLM-CFG’s unconditional



branch omits part of the prompt, resulting in an obstacle
to generating results that effectively underscore the high-
lighted sections.

B.2. Compare with other Highlight Methods
To demonstrate the non-trivial nature of our method, we
evaluated it alongside several intuitive prompt engineering
approaches, which include adding adjectives, capitalizing
text, and explicitly marking in images. Comparative ex-
amples in LLM and VLM are provided in Figs. 1 and 15,
respectively. Our observations suggest that the employment
of additional prompts or explicit emphasis can occasionally
lead to unpredictable results. This is primarily due to the in-
troduction of extra information, while models may not truly
emphasize correlated parts. In contrast, our method seam-
lessly accommodates all context information and produces
focused text outputs. This demonstrates that the design of
our method not only offers a high degree of flexibility but
also enables the generation of more contextually appropri-
ate outputs.

B.3. Highlighting the Whole Image.
We demonstrate in Algorithm 2 and Sec. 3.2 that self-
generated tokens may lead to model hallucinations. The
model’s attention is steered towards trustworthy content by
purposefully highlighting the reliable input context, such
as the entire image, mitigating hallucinations in extended
text generation. An example from MME is provided below
to show how this approach effectively curbs hallucinations
during evaluations.

Does this artwork belong to 
the type of s"ll-life?

GT 
YES
GT 
NO

Does this artwork belong to 
the type of mythological?

Answer 
YES
Answer 
YES

Does this artwork … 
mythological?

Does this artwork … 
s-ll-life?

!

Answer 
YES
Answer 
NO

Focus more 
on the 
image 
context

a. unreliable context leads to hallucina5on b. a9en:on re-weight

✔

❌

✔

✔

Figure 19. An example of highlighting image context to eliminate
hallucination.

C. Showcases
C.1. More Visual Results
Additional results of Prompt Highlighter in LLM and VLM
are provided in Fig. 16 and Fig. 17, respectively.

In the first example of Fig. 16, we showcase the primary
part of the output of the example in Fig. 6. Our results con-
centrate more on the highlighted section, offering profes-
sional reference books to support user learning “computer
vision”. The second example exhibits a case for a multi-
segment mask input, where the model is steered to output
code snippets at the appropriate positions by highlighting
the requirement part of the text and the comment as the posi-
tion identifier. Fig. 17 demonstrates a range of applications
and capabilities of Prompt Highlighter in VLM from var-
ious perspectives, including image content comprehension

(case 1), focused generation (case 2), improved image de-
scriptions (case 3), and explicit generation control (case 5).
These instances underscore the performance enhancement
and customizable generation control facilitated by Prompt
Highlighter. We also present some challenging cases due to
the limited perceptual capacity of the base model.

Moreover, we present results of text-to-image genera-
tion based on the text descriptions generated by our method
in Fig. 18. These outcomes vouch for the superior capabil-
ity of our approach in descriptive tasks and its proficiency
in generating higher-quality image-text matching data.

C.2. Multi-Round Interactive Conversation
Up to this point, the examples and experimental scenarios
we’ve showcased are for single-round dialogues or QAs.
As a general-purpose interactive inference pipeline, our
method can also support multi-round interactions and con-
versations. We provide a schematic diagram of multi-round
conversation at the top of Fig. 20. The multi-round conver-
sations’ generation can be decomposed into single-round
generations with continuously growing context, allowing
Prompt Highlighter to change the focus of user input in each
round by updating the input mask m and resetting previous
KV caches.

Below the pipeline, we demonstrate how to resolve the
image understanding problem, presented in Fig. 17 case 4,
through multi-round conversation and human interactions.
By highlighting multi-modal tokens and guiding the model
to understand the image content in a segmented manner,
users can “teach” the model to solve problems that it was
previously unable to solve.

Figures 15-18 are presented on the following pages #



Here's the added part to print the top 5 token predictions of the last logit:

This code sorts the last logit based on the logits and selects the top 5 tokens. The logits represent the model's confidence in each token being the next one in the sequence, so the top 5 tokens 
with the highest logits are likely to be the correct predictions. Finally, the code prints the added part.

1. Start with the basics: Before diving into the advanced concepts of computer vision, it's essential to have a solid understanding of the fundamentals. Learn about the different types of
computer vision, such as object recognition, image segmentation, and motion analysis.
2. Learn about image processing: Image processing is a crucial aspect of computer vision. Learn about image filtering, edge detection, and other image processing techniques.
3. Learn a programming language: Python is the most popular language used in computer vision. Learn the basics of Python and familiarize yourself with the libraries commonly used in
computer vision, such as OpenCV, TensorFlow, and Keras.
4. Learn about OpenCV: OpenCV is a powerful library for computer vision tasks. Learn about its various functions and how to use them to implement computer vision algorithms.
5. Learn about deep learning: Deep learning is a subset of machine learning that uses neural networks to perform tasks. Learn about the basics of deep learning and how it's used in computer
vision.
6. Practice with projects: The best way to learn computer vision is by practicing with projects. Start with simple projects and work your way up to more complex ones. This will help you apply
what you've learned and improve your skills.
7. Read books and articles: There are many books and articles available on computer vision. Read them to learn about the latest developments in the field and to gain a deeper understanding
of the concepts.
8. Join online communities: Join online communities, such as forums and social media groups, to connect with other computer vision enthusiasts. This will help you learn from others and stay
up-to-date with the latest developments in the field.

1. Foundations of Computer Vision: Start by learning the basics of computer vision, including image processing, feature detection, and image matching. Read books like "Computer Vision: 
Algorithms and Applications" by Richard Szeliski and "Introduction to Computer Vision" by Richard Szeliski, et al.
2. Image Processing: Learn image processing techniques such as filtering, thresholding, and edge detection. Read books like "Image Processing: The Fundamentals" by John C. Bovik and 
"Digital Image Processing" by Rafael C. Gonzalez and Richard E. Woods.
3. Feature Detection: Learn about feature detection techniques such as SIFT, SURF, and ORB. Read papers like "SIFT: Scale-Invariant Feature Transform" by David G. Lowe and "ORB: 
Oriented FAST and Rotated BRIEF SIFT" by Yi Liu and Aki Kanade.
4. Object Detection: Learn about object detection techniques such as Haar cascades, HOG, and Viola-Jones algorithms. Read papers like "Haar Cascades for Real-Time Object Detection" by 
Andreas Santner, et al. and "A Survey of Object Detection" by Paul Viola and Michael Jones.
5. Image Segmentation: Learn about image segmentation techniques such as connected component analysis, region growing, and watershed segmentation. Read books like "Image Segmentation: 
Algorithms and Applications" by T. P. Singh and "Computer Vision: A Modern Approach" by David A. Forsyth and Jean Ponce.
6. Deep Learning for Computer Vision: Learn about deep learning techniques for computer vision, including convolutional neural networks (CNNs) and recurrent neural networks (RNNs). 
Read books like "Deep Learning for Computer Vision" by Rajalingapuram Kannan and "Computer Vision with Deep Learning" by S. S. K. Tiwari and S. C. Gupta.
7. Practice and Projects: Practice your computer vision skills by working on projects and datasets such as ImageNet, OpenCV, and Kaggle. 

User: Please give me a plan to learn about computer vision.

User: I would like to 
print top 5 token 
predictions of last_logit. 
Directly  output the 
newly added codes .

# INSERT CODE HERE

You can simply print the top 5 token predictions of the last 
logit by sorting the logits in descending order and taking the 
first 5 elements. Here's the updated code:

Case1: A full version of the first example in Fig. 6 Normal Inference Prompt Highlighter

Case2: Specific requirement in code
generation. We partial highlight both
the text prompt and the position
comment in the code segment.

Figure 16. Two more examples in pure text partial highlighter. A Vicuna-13B-v1.1 [8] is used as the base model.



3. Highlight the full image context

Yes, there is a text in the image. The text is a conversation between a man and a 
woman, with the man asking the woman if she has the coronavirus. This image 
may be interesting to people because it reflects the concerns and anxiety 
surrounding the COVID-19 pandemic. The image could also be a representation 
of the importance of maintaining social distance and being cautious in public 
spaces, as the man and woman are standing at a distance from each other. The 
image might also be a commentary on the impact of the pandemic on people's 
daily lives and interactions.

Yes, there is text in the image, which includes speech bubbles from the two 
people, a man and a woman, and a before and now panel. People may find this 
image interesting because it humorously portrays a man and a woman wearing 
green face masks, possibly as a response to the COVID-19 pandemic. The image 
uses a comic strip format to convey the message, making it more engaging and 
relatable to the current situation. The cartoon characters' conversation and the 
use of speech bubbles add a lighthearted touch to the serious topic, making it an 
entertaining and thought-provoking piece of art.

User: Is there any text in 
the image? Why people 
may find this image 
interesting?

Normal Inference

Prompt Highlighter

4. Highlight the full image context

Case4: a hardcase for
image understanding.
The upper-bound of the
method is depended on
the base model.

In this image, there are two panels side by side. The first panel shows a 
smartphone with a blue USB cable attached to it. The second panel is a close-up 
view of the USB port on the smartphone, which has a small blue tool inserted 
into it. The combination of these two panels creates a humorous and unexpected 
image, as it appears that the blue tool is being used to charge the smartphone 
through its USB port. This is an unconventional way of charging a smartphone, 
and it adds a touch of humor to the scene.

The image consists of two panels. In the first panel, there is a close-up view of a 
smartphone with a cable attached to it. The cable appears to be plugged into the 
phone's charging port. In the second panel, there is a wider shot of a person 
holding the smartphone in one hand and the charging cable in the other hand. 
The combination of these two panels creates a humorous situation where the 
person is holding the charging cable while the phone is already connected to it, as 
if they are trying to charge the phone without actually plugging it in.

1. Highlight the charger part

User: What is funny 
about this image? 
Describe it panel by 
panel.Case1: image

understanding

1

4

a girl holding 
a bouquet of 
flowers and 
bunnies

a cute anime 
girl holding a 
bouquet of 
flowers

User:
What is in the image?

Case2: generation with
different attention.

Case3: better image
caption in real-world
images (MSCOCO)

2a. Highlight the holding flowers

an anime girl 
with a hat and 
horns

2b. Highlight red hat part

an anime 
character holding 
a rabbit while 
surrounded by 
flowers

2c. Highlight the bunny

User: Describe this image
in detail.

3

The image features a wooden crate filled with a variety of 
bananas, including both ripe and unripe ones. The bananas 
are arranged in different stages of ripeness, with some 
appearing yellow and ripe, while others are still green. The 
crate is placed outdoors, possibly at a market or a fruit stand, 
and is surrounded by trees in the background.

The image features a wooden table filled with a large 
assortment of bananas. The bananas are arranged in various 
bunches, with some placed closer to the front and others 
towards the back of the table. The table is situated outdoors, 
possibly in a market or a similar setting.

CLIP-sim=0.288

CLIP-sim=0.336

T2I result

CLIP-sim=0.8544

CLIP-sim=0.8724

User: Describe this image.Case5: Control the degree of focus with different (!, #).

5

The image features Cristiano Ronaldo, the Portuguese soccer player, in a red and green jersey, celebrating with his arms outstretched…

Cristiano Ronaldo is seen in a red and green Portugal soccer jersey, celebrating his team's victory during a match…

The image features a Portuguese soccer player wearing a red and green Nike jersey, with the number 7 on his chest…

5. Highlight the jersy

Figure 17. More results with multi-modal inputs. We demonstrate three applications (1,2,3,5) and one hard case (4) for image understand-
ing. We use InstructBLIP-Vicuna-13B [15] as the base model of cases 1,2,5 and LLaVA-v1.5 [23] 13B as the base model of cases 3,4.



Input images T2I results using text from vanilla inference T2I results using text from context-highlighted inference

Figure 18. More text-to-image examples with image generation by DALLE-3 [44]. We have marked areas in some figures that generate
better results due to different captions.



User: <image> Describe the
conversation in the left side image. 

User: Describe the conversation in 
the right side of the image, then try to 
explain the meme inside the image. 

Assistant: In the left side image, a man and a woman are having 
a conversation. The woman is wearing a green face mask, and 
the man is wearing a green neck gaiter. They are talking about 
the coronavirus, with the woman possibly expressing her 
concerns or sharing information about the virus. The man is 
listening attentively to the woman's words.

Assistant: In the right side of the image, a man and a woman are 
having a conversation. The woman is wearing a green face mask, 
and the man is wearing a green neck gaiter. They are talking 
about the coronavirus, with the woman possibly expressing her 
concerns or sharing information about the virus. The man is 
listening attentively to the woman's words. The meme inside the 
image is a play on the idea of a "before" and "after" scenario. 
The "before" scenario shows the man and woman talking about 
the coronavirus, while the "after" scenario shows the same man 
and woman talking about the same topic, but with the woman 
wearing a green face mask and the man wearing a green neck 
gaiter. This meme is likely meant to emphasize the importance 
of wearing face masks and practicing social distancing to 
prevent the spread of the virus.

User: <image> Describe the
conversation in the left side image. 

User: Describe the conversation in the 
right side of the image, then try to 
explain the meme inside the image. 

Assistant: In the right side of the image, the conversation is 
about the coronavirus. The woman is talking to the man, who is 
wearing a green face mask, and asking him if he has the 
coronavirus. The man is responding by saying, "Do you have the 
coronavirus?". This conversation is taking place in a setting 
where both the woman and the man are wearing green face 
masks. 

The meme inside the image is a play on words, using the phrase 
"now" to represent the present time and the phrase "before" to 
represent the past. The two conversations are juxtaposed, with 
the left side showing a pregnancy-related conversation and the 
right side showing a conversation about the coronavirus. The 
meme is a creative way to compare and contrast two different 
situations and their respective concerns.

H
ighlightthe

leftpart
oftheim

age
H
ighlightthe

rightpartoftheim
age

Assistant: In the left side image, the conversation between the 
two people is about pregnancy. The woman is talking to the 
man, who is wearing a green face mask, and asking him if he is 
pregnant. The man is responding by saying, "Are you are you 
pregnant?". This conversation is taking place in a setting where 
the woman is wearing a green face mask, and the man is wearing 
a green face mask as well.

Round 1 highlighted Round 2 highlighted

Round 1

Round 2

Round 1

Round 2
highlighting tokens in
the generated text

Language
Model

unconditional context

normal context

Round 1 context Round 2 context

unconditional context

normal context generated context
…Language
Model …

generated context
highlight mask	"!" highlight mask"!#

refresh
KV-cache

Vanilla inference Interactive Inference

Multi-Round Conversation

Figure 20. Multi-round interactive conversation powered by Prompt Highlighter. We illustrate the multi-round interactive conversa-
tion pipeline on the top. We provide a comparison in a multi-round conversation between the vanilla inference (left) and Prompt High-
lighter (right). In this example, the user highlights different contexts in two rounds.
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