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OO0 Motivation

* Existing VFMs suffer from poor generalization, ignoring the interaction @

processes underlying visual understanding.

P '\
: : , & .
» VLMs possess rich multimodal knowledg, but their output 4&&, o % %
’ ~d
representations are incompatible with VFMs. Q -
Al
* Crucially, VLMs, VFMs, and humans share similar cognitive patterns [ VLM ]
. ) A: This is a Cat. Category: 0
(e.g., “pointed ears AND round face — cat”), enabling process-level A A
knowledge transfer. Q: What's this? Q: Cat or Dog?

= |
) —> [" “Human ]4—

Here is a Cat.

» We propose learning from interactions — not outputs — to bridge the

modality gap and enhance VFMs with VLMs’ cognitive capabilities.

“To teach someone how to fish is better than to just give him a fish.”
——Huatinanz1i -2-
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Method

| Bridging Logical Interactions to Transformer
Attention :
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Interaction Strength Modeling

[ QA Interaction Agg regation
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Vision Language Model
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Q: What's the foreground of the Image?
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Vision-Language Interaction Extraction
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* Classification: Language Prompt: “Classify foreground

vs.  background” Response Structure: {foreground:
[class], background: [...]}
Oa C ore C ac
Gl e ) (11)
"11133(((L (jﬁxe - (jback)‘|1

where Ci,. and Cp,x denote interaction strengths for
foreground class and background clusters respectively.

* Dense Prediction (Detection/Segmentation): Language
Prompt: “Locate all {tgt_obj} instances” Response Struc-
ture: {objects: [list], background: - ]}

(12)
Hmax OaZk:I Cobj - Cba‘:k)Hl

Cvim =

where O b} represents interaction strength for the k-th tar-
get ObJGC[ instance, aggregated across all K instances.

Q Please describe
Thls Image in detail

cell phone

bench holding

l.. Ques:

"If you are doing an object

detection task, please tell w/o Visual
me if there is/are {tgt_obj} Prompt

in this 1image. The answer

format is as follows: Yes,

there is/are {tgt_obj} in the w/ Visual
image, and the background is Prompt

{background}.
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Table 6. COCO 2017 Benchmark Results (val set)
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Table 1. Comparison of I-ViT and ViT on TinyImageNet.

Model | Top-1 Acc. (%) #params FLOPs Task | Cyry | mAP APmask  # param FLOPs
ViT-S/16 [17] 79.94 22M 15.5B
I-VIiT-S/16 81.52 (+1.6) 24M 18.1B By 4 43.6 = 41.9M 55.65B
VIT-B/16 80.24 86M  55.5B = X 42.0 - 41.5M  55.62B Accurate
I-ViT-B/16 82.14 (+1.9) 93M 62.7B 7 _ 33.5 43.3M 162.6B
ViT-L/16 87.83 304M  191.2B Seg
I-ViT-L/16 91.08 (+3.3) 329M  213.9B X ) 31.1 42.9M 162.4B

Comparison of Convergence Speed and Accuracy

Table 5. Comparison of VLM, ViT and I-ViT on the VLCS
Dataset. I-ViT’s behavioral trends align with LLaVa, demonstrat-
ing effective knowledge transfer through interaction mechanisms.

Peak Epoch: 14

7.0x faster

@
&

Fast Model | PASC. CALT. LABE. SUN

LLaVa-1.5 | 5640  62.89 92358 3291
ViT-L/16 | 60.42  58.59 3049  31.86
I-ViT-L/16 | 63.98  68.75  49.35  36.61

Accuracy (%)

@
&

— Generalizable
Epochs In VLCS (Table 5), we further compared the accuracy of
Figure 3. Comparison of Convergence Speed. I-ViT-L/16 ex- LLaVa. It can be found that while I-ViT surpasses ViT, and
hibits faster convergence and achieves higher accuracy compared its behavioral trends align with LLaVa, pI‘OVil’lg the effective
to the traditional Vision Transformer (ViT-L/16), further highlight- teaticker betwest terioliGhs.

ing the efficiency of learning from interactions.
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Table 3. Ablations on Interaction Queries (IQ), Interaction Con-
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Ablation

straint (IC), and Gated Control (GC).

Interaction Interaction Gated

Moad Query Constraint Control ace.
ViT-L/16 87.8
v v 89.6

; v 80.7
I-ViT-L/16 7 % 903
v v v 91.1
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Prompt1 (Ours) Praompt 2 Prompt 3

Table 9. Impact of Visual Prompts on COCO val2017

R —

Configuration mAP

(&2
“Batigromnd”s “desert ")

Language Prompt Only 41.6
Language + Visual Prompts  43.6 (+2.0)

A black and whits bird
standing in the md.”

o farmgrond®: ‘Bied®,
‘Bacigroand *: “gramd §*

[ “foreground‘: ‘cat’,
‘Bachgroemd : *Bucket §°

“A Black cat sitting in
@ Blue plmtic container. ®

f areprand ' Cder A dear i aating grasm 2
‘mackground': gram§ ina fhald

Figure 8. Impact of Prompts on Concept Extraction. Prompt

1 effectively focuses on the instance itself. However, Prompt 2,
which instructs VLMs to output target content as single words,
still leads to concepts emphasizing the background rather than the -
instance. Meanwhile, the detailed description approach of Prompt

3 results in concepts being distributed across the entire image and
occasionally leads to incorrect responses (highlighted in red).

Prompt: “If you are doing an image classification task,
what is the foreground and what is the background? The
answer format is as follows: {‘foreground’:{}, ‘back-
ground’:{}}. Please choose the foreground word from
the list below:”. We supplied a class vocabulary for
LLaVA to select from, based on the categories in Tiny-
ImageNet. We subtracted the background interaction
Chack from the foreground interaction Crore to align the
concepts with human cognitive processes, and set the
minimum value to 0 and normalized the interaction
scores to a range of 0 to 1, as described in Section 3.2.
Prompt: “If you are doing an image classification task,
What is the object in the picture? Answer the question
using a single word or phrase.” We directly take the in-
teraction of the answer as our final interaction C'yp, 5.
Prompt: “Please describe the object in the picture in
detail.” Since there are several works in the sentence,
we take the average of concepts as our final interaction _

Cvim-



Abstract

Current visual foundation models (VFMs) face a funda-
mental limitation in transferring knowledge from vision
language models (VLMs): whlle VLMs excel at model-
ing c dal interactions through unified rep

spaces, existing VFMs predominantly adopt result-oriented
paradigms that neglect the underlying interaction pro-
cesses. This representational discrepancy hinders effective
knowledge transfer and limits generalization across diverse
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L Interaction .'
VLM ]
A Thls is a Cat. \@g/
Q: cat or Dag?

Q: What s this?
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