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Background
VLMs are evolving from single-image to multi-image reasoning

• LLaVA-1.5 → LLaVA-NeXT-Interleave, LLaVA-OneVision
• BLIP-2, InstructBLIP → X-InstructBLIP
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[1] Schuhmann, Christoph, et al. "Laion-5b: An open large-scale dataset for training next generation image-text models." Advances in Neural Information Processing Systems 35 (2022): 25278-25294.
[2] Zhu, Wanrong, et al. "Multimodal c4: An open, billion-scale corpus of images interleaved with text." Advances in Neural Information Processing Systems 36 (2024).



Background
The capability gap from single-image to multi-image reasoning
1. Cross-reasoning     2. Reference     3. Comparison     4. Temporal understanding
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[3] Marino, Kenneth, et al. "Ok-vqa: A visual question answering benchmark requiring external knowledge." Proceedings of the IEEE/cvf conference on computer vision and pattern recognition. 2019.
[4] Jiang, Dongfu, et al. "Mantis: Interleaved multi-image instruction tuning." arXiv preprint arXiv:2405.01483 (2024).



Motivation
Question: Does VLMs treat every image equally?
A similar dilemma in NLP where multiple documents are fed into LLMs

• LLMs are better at extracting answers from the start and the end (U-shape curve)
• Lost in the middle: When the ground truth is in the middle, the accuracy drops

[5] Liu, Nelson F., et al. "Lost in the middle: How language models use long contexts." Transactions of the Association for Computational Linguistics 12 (2024): 157-173.



Motivation
Does such kind of imbalanced reasoning also occur in VLMs?

Question: Can you observe the differences between 
<image 1> and <image 2>?

: The first image depicts a night sky and water 
while the second image features a darker sky with 
snow covering on the ground.

Question: Can you observe the differences between 
<image 2> and <image 1>?

: The two images you provided appear to be 
identical. There are no observable differences 
between them.

Question: How many cats are there in <image 1>, <image 
2> and <image 3> in total?

 : There are three and two cats in the first and 
second image respectively, while there is only a dog in 
the third image, therefore five cats in total.

Question: How many cats are there in <image 3>, <image 
2> and <image 1> in total?

 : I can see one cat in the first image, two cats in the 
second, and three cats in the last one. There are totally 
six cats in these images.

Question: Among <image 1>, <image 2> and <image 3>, which image 
looks most realistic and not synthesized?

: The first image is most natural. The second and third images 
depict a mural of painted robot on the building and a dumpster with 
fire, which displays surrealism and exaggeration.

Question: Among <image 3>, <image 1> and <image 2>, which image 
looks most realistic and not synthesized?

: Overall, the first image looks most realistic since dumpsters 
can catch fire, while the red ballon and the robot painting in the 
other two images render a digital and artistic style.

Position bias: VLMs predict the answers significantly relying on the position or order 
of input image sequences, leading to poor robustness and reliability.



The Position Matters
We select tasks from existing benchmarks whose answers are independent from 
image positions, then analyze how varying that image order impacts performance.
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• We run multiple evaluations, each with a different random ordering of the images, 
and report the minimum, maximum, and mean accuracy across these runs.

• We also measure prediction inconsistency, defined as the share of examples that 
receive conflicting answers between the best and worst performing evaluations.



The Position Matters
We select tasks from existing benchmarks whose answers are independent from 
image positions, then analyze how varying that image order impacts performance.
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• In most cases, the prediction inconsistency reaches around 30%, indicating one-
quarter of examples receive conflicting answers by altering image positions.

• As a result, this severe change of predictions lead to an accuracy span of 4~6% in 
average, which is significant given the overall performance of VLMs.



Identifying Position Bias
Let’s examine position bias more closely: which image positions do the model handle 
well, and which ones reveal its weaknesses?

Question: Can you observe the differences between 
<image 1> and <image 2>?

Question: How many cats are there in <image 1>, <image 
2> and <image 3> in total?

Question: Among <image 1>, <image 2> and <image 3>, which image 
looks most realistic and not synthesized?

However, previous benchmarks only evaluate the holistic understanding of VLMs.
We introduce Position-wise Question Answering (PQA) to evaluate the position-wise 
reasoning capability of VLMs.

• PQA requires VLMs to produce position-wise 
response,  thereby enabling to track position-
wise accuracy.

• A higher accuracy indicates stronger reasoning 
capability given the position, while lower 
indicates poor-performing areas.



Identifying Position Bias
We collect 1000 PQA examples from VQAv2, where each PQA example has 5, 10, 15 
or 20 images. 
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• For open-source VLMs, we identify recency bias, indicating that VLMs are good at 
extracting information in the position at the end, while the performance is decaying 
from back to front.

• For proprietary models such as GPT-4o, the conclusion is similar to previous work, 
i.e., lost in the middle, where the middle part tends to be ignored by VLMs.



Mitigating Position Bias
Since each VLM have its own featured architecture, we consider a most common type: 
autoregressive architecture[6].

[6] Laurençon H, Tronchon L, Cord M, et al. What matters when building vision-language models?[J]. Advances in Neural Information Processing Systems, 2024, 37: 87874-87907
[7] Liu H, Li C, Wu Q, et al. Visual instruction tuning[J]. Advances in neural information processing systems, 2023, 36: 34892-34916.
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In this case, images are handled like texts by covering a causal mask, which enforces 
their interaction as a unidirectional information flow:
• The image at the back may interact with preceding image contexts
• The image at the front is isolated, lacking global information



Mitigating Position Bias
The influence of causal masks on image tokens
• Makes their hidden states position-dependent
• Implicitly inject positional information on different images

Given the above hypothesis, we compare three variants:
• Causal Mask: Each image can only interact with preceding images.
• Isolated Mask:  Each image can only interact with itself.
• Bidirectional Mask: Each image can interact with arbitrary images in the sequence.
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Mitigating Position Bias

• The unidirectional way of information flow (causal) is the main cause of position 
bias of VLMs.

• Disabling cross attention (isolated) leads to dramatic performance degradation.

• The two-way interaction (bidirectional) among images mitigates position bias, at 
the cost of overall accuracy.
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Mitigating Position Bias
The trade-off between accuracy and consistency sparks SoFt Attention (SoFA), a simple 
method to smoothy position bias by interpolating across attention masks.

𝐻𝐻 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝑄𝑄𝐾𝐾𝑇𝑇

𝑑𝑑
⊙𝑊𝑊𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑉𝑉

𝑊𝑊𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 1 − 𝜎𝜎  𝑊𝑊𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + 𝜎𝜎 𝑊𝑊𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏

𝑊𝑊𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑊𝑊𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 = 

𝝈𝝈 controls the strength of mitigation effect:
• If 𝝈𝝈 is too small, the position bias cannot be effectively reduced.
• If 𝝈𝝈 is too large, the result mask is out-of-distribution, causing performance drop.



Mitigating Position Bias
SoFA requires a small validation set per task (32-shot in this case) to find the optimal 𝝈𝝈. 
Besides, we deploy SoFA in language decoders every two layers.
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SoFA achieves a satisfying trade-off between performance and bias, reaching a stable 
and competitive accuracy regardless of image positions.



Experiment & Results
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