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A Additional implementation details

Training hyper-parameters. We list the detailed training hyper-parameters for
both stages in Table 6.

Pre-training Fine-tuning

optimizer AdamW with (β1, β2) = (0.9, 0.95)
learning-rate schedule half-period cosine decay with linear warmup
weight decay 0.1 0
max learning rate 5× 10−5 2× 10−5

training length 180, 000 steps 1 epoch
warmup length 2, 000 steps 0.03 epoch
batch size 64 (text) + 640 (image) 32
sequence length 1, 024 (text) + 400 (image) 2, 048 / 3, 072 / 4, 096
gradient accumulation 8 4
gradient checkpointing yes

image augmentation random resized crop
scale=(0.9, 1.0), ratio=(3/4, 4/3)

padded resize (10; 49)

Table 6: Pre-training and fine-tuning hyper-parameters.

Detailed model definition. The detailed input image specifications of SPHINX ,
SPHINX-1k and SPHINX-2k are listed in Table 7.

model variant image
resolution

# img.
views

# img.
tokens

max seq. len.
(visual + text)

SPHINX 224× 224 1 291 2, 048
SPHINX-1k 448× 448 5 1, 455 3, 072
SPHINX-2k 672× 672 10 2, 910 4, 096

Table 7: Definition of the 3 model variants. For models with the input resolution
greater than 224×224, the image views consist of 1 low-resolution image and 224×224
sub-images covering the whole image without overlapping, adding up to 1 + (h/224) ·
(w/224) views.
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Instructions Benchmarks

- LLaVA-Bench, MM-Vet,MathVista

Answer the question using a single word or phrase. VQAV2,GQA,OKVQA,VSR,MME,OCR-VQA

Answer with the option’s letter from the given choices directly. SeedBench,ScienceQA,IconVQA

Please provide the bounding box coordinate of the region this
sentence describes: {description}. RefCOCO,RefCOCO+,RefCOCOg

Reference OCR token: {OCR}
Answer the question using a single word or phrase. TextVQA

When the provided information is insufficient,
respond with ’Unanswerable’. Answer the question using a

single word or phrase. VizWiz

There are several options: {options} CCBench,MMBench

Detect all objects shown in the image.
detect all {category name} shown in the image. Object Detection

Detect all people shown in the image.
Detect the key points of the person in the region {coordinate}. Human Pose Detection

Detect all texts and provide their bounding box coordinated. Document Layout

Describe the image concisely.
Include the bounding box for each mentioned object. Grounded Caption

What is the relationship between the object
in {coordinate} and the object in {coordinate}? Relation Detection

Please provide the bounding box coordinate of the region this
sentence describes: {description} Referring Relationship

Table 8: Task-specific instructions on different benchmarks.

Task prompts. We do not use any prompt in the pre-training stage. The task
prompts for fine-tuning and evaluation are listed in Table 8.

B Additional qualitative results

This supplementary section provides more examples and explanations regarding
SPHINX ’s capabilities, including SAM-assisted segmentation, general object
detection, human pose estimation, document layout detection, anomaly detec-
tion, in addition to Figure 1. We also analyze SPHINX ’s improved performance
on the chain of thoughts and obtains emergent cross-task abilities.
SAM-augmented instance segmentation. We integrate SPHINX with
SAM to enhance segmentation capabilities. This integration involves detecting
bounding boxes for the target objects and subsequently providing the bounding
box coordinates to SAM for the generation of segmentation masks. The results,
depicted in Figure 5, showcase a notable performance improvement achieved
through the collaboration of SPHINX and SAM. Surprisingly, We observe
that the predicted masks for small objects are extremely accurate such as the
cell phone in the last row. The synergistic application of SPHINX and SAM
underscores the considerable potential inherent in our methodology.
Region-level understanding. In Figure 6, the performance of SPHINX ’s
detection capabilities is showcased. The upper row displays the synchronized
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User:
 SPHINX : 

There are 11 
people[0.52,0.31,0.71,0.76;0.18,0.54,0.49,0.8
2;0.04,0.45,0.25,0.81;..... in the image

SAM -augmented Instance Segmentation

A desk[0.00,0.63,0.97,0.83] with four 
laptops[0.05,0.55,0.32,0.76;0.60,0.48,0.80,0.
67;0.11,0.45,0.30,0.58;0.07,0.55,0.30,0.70] 
and a desktop[0.36,0.43,0.62,0.62] .

There are three objects shown in the image, 
including a laptop[0.31,0.13,1.00,0.87], a 
book[0.00,0.54,0.34,0.87], and a cell 
phone[0.00,0.51,0.14,0.63].

Detect all people shown in the image

Detect all objects shown in the image

Detect all objects shown in the image

Fig. 5: Examples of SPHINX integrating with Segment Anything Model
(SAM) (35) for language-referred segmentation.

jumping of five teenagers, each assuming distinct poses. Notably, SPHINX ac-
curately predicts the pose with key points for each individual, leaving no partic-
ipant overlooked. The middle row illustrates SPHINX ’s relationship detection
capability. The bottom row indicates SPHINX ’s superior diagram understand-
ing ability, which produces accurate layout detection and content comprehension.
Improved object detection through hints. We highlight SPHINX ’s pro-
ficiency in understanding user hints. As depicted in Figure 7, initially request-
ing the model to predict all dogs in the image leads to the misidentification
of other objects. However, upon offering additional hints about the desired ob-
ject, SPHINX demonstrates an improved comprehension of instructions and
accurately predicts all dogs in the image.
Better visual reasoning with object detection. The enhanced visual rea-
soning capabilities of our model with object detection are showcased in Figure 7.
Notably, SPHINX leverages the object detection feedback by initially instruct-
ing SPHINX to generate object detection results and then requesting it to an-
swer questions based on localization outcomes. The model will prioritize selecting
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The detected key points are nose[0.46,0.44], left eye[0.47,0.43], right 
eye[0.46,0.43], left ear[0.48,0.43], right ear[0.45,0.43], left 
shoulder[0.50,0.45], right shoulder[0.44,0.45], left elbow[0.53,0.43], 
right elbow[0.41,0.43], left wrist[0.55,0.41], right wrist[0.39,0.40], left 
hip[0.50,0.53], right hip[0.47,0.53], left knee[0.54,0.59], right 
knee[0.48,0.60], left ankle[0.50,0.62], and right ankle[0.42,0.61].......

SPHINX : 

User:

Detect the key points of the five people in the region 
[0.38,0.39,0.57,0.64];[0.63,0.37,0.81,0.65];[0.82,0.36,0.94,0.6
5];[0.23,0.35,0.34,0.64];[0.04,0.38,0.16,0.64].

Human Pose Estimation

Relationship Detection
User:

Please provide the bounding box coordinate of the 
region this sentence describes : owl ON seat.

SPHINX : owl [0.07,0.32,0.76,0.71] ON seat 
[0.33,0.60,0.64,0.83].

User:

Please provide the bounding box coordinate of the region this 
sentence describes : A cat ON cushion.

SPHINX : A cat [0.842,0.546,0.974,0.654] ON cushion 
[0.752,0.516,0.998,0.746].

Accurate Diagram Understanding

User:

Please detect all texts and provide their bounding box coordinate.

SPHINX : The image depicts a diagram that illustrates a traditional implicit embedding learning framework and an explicit vision-
language alignment framework. The traditional framework consists of a series of steps, including image encoding, projection, and 
matrix learning or classification. The explicit framework, on the other hand, consists of a text encoder, a dot product, and 
contrastive learning. The diagram also includes various images, such as a clock, a couch, and a chair, as well as a plane and a car.

SPHINX : layer[0.37, 0.24, 0.43, 0.27].Image [0.25, 0.32, 0.33, 
0.35].couch[0.04, 0.77, 0.1, 0.8].Prompt[0.11, 0.85, 0.19, 
0.88].airplane[0.04, 0.74, 0.12, 0.77].encoder[0.25, 0.35, 0.34, 
0.38].alarm_clock[0.04, 0.8, 0.16, 0.83].Dot product[0.41, 0.6, 0.53, 
0.63].classification[0.73, 0.29, 0.88, 0.32].Projection [0.37, 0.21, 0.49, 
0.24].Text encoder[0.21, 0.88, 0.37, 0.91].Visual-language [0.54, 0.81, 
0.72, 0.84].Image encoder[0.2, 0.68, 0.38, 0.71].similarity scores[0.54, 
0.84, 0.72, 0.87].Side information[0.49, 0.1, 0.67, 0.13].Matrix learning 
or [0.73, 0.25, 0.94, 0.28].Contrastive learning[0.73, 0.68, 0.96, 0.71].a): 
Traditional implicit embedding learning framework[0.31, 0.43, 0.94, 
0.46].b): Our explicit vision-language alignment framework[0.31, 0.49, 
0.94, 0.52].

User:

Generate a detailed description about the image.

Fig. 6: Examples of SPHINX for human pose estimation (Top), relationship
reasoning (Middle), and diagram understanding (Bottom).
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the most relevant objects for coordinate feedback based on the query content,
rather than all detected objects. This underscores the idea that in multi-task
training, the synergy between different tasks can significantly enhance overall
performance. Furthermore, the model exhibits commendable Contextual Under-
standing (COT) by effectively integrating information from diverse elements in
the image, resulting in more powerful reasoning ability.
Emergent referring pose estimation. The original referring object compre-
hension and pose estimation are two different tasks, where the former detects
object bounding boxes according to textual descriptions, and the latter outputs
human keypoints from given bounding boxes. Interestingly, as shown in Fig-
ure 1 (left, top), by our mixing of the two tuning tasks, our SPHINX acquires
the emergent capacity for referring pose estimation, i.e., generating human key-
points directly from textual descriptions. Such an observation indicates that
our SPHINX fully comprehend the semantics across different vision-language
tasks, and implicitly connect them via superior reasoning power.
Anomaly detection. It is important for industrial monitoring and healthcare to
detect rare events or outliers that may indicate abnormal or suspicious behavior.
As shown in Figure 1 (left, middle), our SPHINX also excels in anomaly detec-
tion. Although we do not explicitly involve related training data, our MLLM still
demonstrates superior localization accuracy for unsharp defects. This indicates
wide potentials of SPHINX in real-world applications.
Multi-level dense captioning. Endowed with diverse multi-task pre-training,
SPHINX can perform multi-level dense captioning by iterative promoting it-
self. Given an input image, prompting SPHINX with “Detect all objects shown
in the image” can localize the position of all objects. Then, we iteratively prompt
each detected region with “Please provide a short description for this region :
[x1, y1, x2, y2]” to extract a simple property on the localized region. To get a
deeper understanding on the detected regions, we crop all images based on the
detection results. Each cropped view is fed independently into SPHINX with
two prompts, namely, “Provide a one-sentence caption for the provided image.”
and “Generate a detailed description about the image.”. By doing so, we can
detect all objects shown in the image and densely label all boxes with property,
simple caption, and detailed caption. The multi-level dense captioning results
are illustrated in Figure 1 (right, top).

C Extensions of SPHINX

In this section, we introduce the details about the extensions of SPHINX
mentioned in Sec. 3.3.

C.1 Integration with SAM for language-referred segmentation

Given that our MLLM is able to output accurate detection boxes with user-
provided descriptions or semantic categories, we can cascade the Segment Any-
thing Model (SAM) (35) for language-referred instance or semantic segmenta-
tion. In detail, we regard the predicted bounding boxes from SPHINX as box
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prompts, and feed them into SAM for segmenting corresponding instances. In
this way, we effectively incorporate the semantic reasoning capability of LLMs
and the class-agnostic segmentation of SAM. See Figure 8 for some examples.

C.2 Integration with Stable Diffusion for image inpainting and
editing

Based on the segmentation results from SAM in Sec. C.1, we further refer to
Inpaint Anything (105) to integrate image inpainting models (LaMa (85)) and
text-to-image generative models (Stable Diffusion (73)) for high-quality image in-
painting and editing. Specifically, we first detect and segment the user-indicated
objects via SPHINX and SAM as illustrated in the previous paragraph. Then,
we feed the segmentation mask into LaMa (85) for removing the correspond-
ing objects with contextual data. After this, the user can prompt Stable Diffu-
sion (73) to further generate new visual content to replace the original ones. This
setting integrates our SPHINX , SAM, LaMa, and Stable Diffusion to achieve
language-driven image inpainting and editing. See Figure 1 (left, bottom) for
some examples.

C.3 Supervised fine-tuning of SPHINX for image classification

Empowered by the joint mixing of weights, tasks and visual embeddings, our
SPHINX can comprehend robust and diverse visual category semantics. We
propose to regard SPHINX as a universal initialization for traditional visual
recognition tasks. For instance, given a classification task of ImageNet-1K (74),
we transform the task into a single-turn conversation format of Classify the image.
as the instruction and use This is a [CLASS] as the response. By performing
supervised fine-tuning on the text-converted dataset, we observe fast training
convergence on ImageNet-1K. Surprisingly, with only one epoch, SPHINX can
achieve 70.8% classification accuracy without any data augmentation. This con-
vergence speed is much faster than traditional approaches, such as ResNet (29)
and ViT (18) that normally take around 300 training epochs and require strong
data augmentation.

D Additional Ablation Studies

On the influence of mixed model weights. In Table 9, we demonstrate the
effectiveness of weight mixing compared to a few baselines. Our inter-domain
weight mixing not only outperforms the data mixing baseline, but also surpasses
traditional in-domain weight mixing (including random subsets and two same
domain datasets), showing that our weight mixing strategy is beyond simple
model ensemble or model soups (96). Moreover, the superiority of our weight
mixing strategy is not only in the initial zero-shot testing, but also maintained
after multi-task fine-tuning.
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image captioning visual question answering
Flickr30K (69) NoCaps OK-VQA VQAv2 GQA

LAION-400M 79.7 105.1 61.5 77.1 61.4
LAION-COCO 73.8 101.5 - - -
CC-3M - 103.2 - - -

mix data (LAION-400M + LAION-COCO) 74.2 104.5 - - -
mix weights (random subsets) - 105.2 - - -
mix weights (LAION-400M + CC-3M, same domain) - 106.5 - - -
mix weights (LAION-400M + LAION-COCO, ours) 84.4 116.2 62.1 78.1 62.6

Table 9: Results of weight mixing. We report CIDEr scores (90) for zero-shot
image captioning and accuracy for VQA after multi-task fine-tuning. As CC-3M also
contains web-crawled captions, they serve as an in-domain dataset as LAION-400M.

Sensitivity to weight mixing coefficient. With different coefficients, we ob-
serve that the performance variation is large but in a very predictable manner:
The metric forms a clear unimodal curve, and the optimal values for all datasets
are close. Therefore, a working coefficient could be easily found by a ternary
search on a validation set. We searched between 0 and 1 with a granularity of 0.1
and found 0.8 (LAION-400M): 0.2 (LAION-COCO) to be the optimal coefficient
on all datasets in Tab. 6. We do not observe data mixing to be very sensitive to
the mixing ratio: The data mixing ratio in Tab. 6 is 0.5:0.5 but the performance
changes are small when using 0.8:0.2 (104.6/75.7 on NoCaps/Flickr30K).
Channel-wise vs. token-wise for sub-image concatenation. To initialize
the model for channel-wise concatenation fine-tuning, we inflate the pre-trained
visual projections (only use the whole image) by making 5 copies and dividing
each one by 5. We present the REC results, in which the gain of mixing sub-
images tends to be clear, in the same order as Tab. 3: 80.58, 86.04, 76.01, 88.75,
91.12, 84.55, 83.91, 83.11. Despite reducing the token number compared to token-
wise concatenation, channel-wise concatenation performs worse than the low-
resolution baseline, presumably because the distraction of spatial unalignment
overshadows the additional details in the sub-images.
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User:
Describe the image concisely. Include the bounding box for each 
mentioned object.

SPHINX : A car[0.04,0.34,0.99,0.71] with wooden parts[0.26,0.41,0.94,0.68] 
is parked on the side of the road[0.00,0.50,1.00,0.71] .

Better Visual Reasoning with Object Detection

User:
Why this picture funny?

SPHINX : The picture is funny because it is unusual to see a 
car[0.04,0.34,0.99,0.71] with wooden parts[0.26,0.41,0.94,0.68] . The wooden 
parts give the car a unique and quirky appearance, making it stand out and 
evoke laughter from viewers.

User:

Detect all objects shown in the image.

SPHINX : There are seven objects shown in the image, including a 
umbrella[0.77,0.46,0.80,0.63], two 
cows[0.38,0.38,0.61,0.54;0.27,0.41,0.38,0.64], a person[0.53,0.49,0.71,0.67], 
and three dogs[0.76,0.50,0.84,0.57;0.49,0.55,0.57,0.62;0.75,0.44,0.84,0.47].

Improve Object Detection through Hints

User:

There are four dogs shown in the image. Detect all dogs shown in the 
image.

SPHINX : There are four 
dogs[0.76,0.51,0.85,0.57;0.76,0.44,0.84,0.47;0.43,0.66,0.57,0.74;0.50,0.55,0.
57,0.62] in the image.

User:
Describe the image concisely. Include the bounding box for each 
mentioned object.

SPHINX : A man[0.43,0.25,0.65,0.65] in a yellow shirt[0.43,0.29,0.63,0.46] is 
ironing clothes[0.34,0.44,0.65,0.59] on the back of a 
car[0.46,0.37,1.00,0.75] .

User:
Why this picture funny?

SPHINX : This picture is funny because it is an unusual and unconventional 
sight to see someone ironing clothes[0.34,0.44,0.65,0.59] on the back of a 
car[0.46,0.37,1.00,0.75] . Ironing is typically done indoors, in a dedicated 
space like a laundry room or a bedroom. The fact that the man is ironing 
clothes[0.34,0.44,0.65,0.59] on the back of a car[0.46,0.37,1.00,0.75] adds a 
humorous and quirky element to the scene.

Fig. 7: Examples of SPHINX for improved object detection through hints
(Top) and better visual reasoning with object detection (Bottom).
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SPHINX：Detect all plants in this 
image.

SPHINX：Detect all animals in this 
image.

SPHINX：Detect all people in this 
image.

SAM:SAM:SAM:

Fig. 8: Examples of language-referred segmentation by integrating SPHINX
and Segment Anything Model (SAM) (35).
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