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Abstract

Vision-Language Models (VLMs) have achieved impressive
performance across various tasks, but often struggle to ap-
ply newly introduced visual concepts during inference. A
common failure pattern is what we call Mixing Things
Up: VLMs frequently confuse concept names, resulting in
vague descriptions and failure to ground the concept cor-
rectly. Existing approaches mainly address person-related
concepts through text prompts or tokenizer modifications.
However, VLMs still miss or misinterpret untrained visual
concepts, underscoring the need to learn new concepts di-
rectly from visual input, without relying on prior textual
injection. To overcome these limitations, we propose BIS-
CUIT (Basis-aligned Inference through Structured Concept
Unification and Identification-aware Tuning), a two-step
training method. Step I proposes a dual-stream structure-
aware vision encoder that fuses RGB and edge-based em-
beddings within a shared basis space to enhance concept
recognition. Step II enhances generation quality through
identification-aware tuning, which encourages alignment be-
tween the generated text and the newly introduced visual
concepts. Existing methods mainly focus on person con-
cepts and lack comprehensive evaluation across diverse vi-
sual categories. We further propose a benchmark BiscuitVQA
to evaluate VLMs performance on recognizing and apply-
ing novel image-introduced concepts across diverse concept
types and task types, including real people, cartoons, ani-
mals, and symbolic content. We apply BISCUIT to LLaVA-
1.5 and Qwen2.5-VL, achieving competitive results among
open-source models and narrowing the gap to Gemini-2.5 and
GPT-4o. Interestingly, our BISCUIT maintains strong gener-
alization, showing minimal degradation on other downstream
tasks.

Details — https://github.com/Samsara-1999/BISCUIT

Introduction
Vision-Language Models (VLMs) have achieved impressive
performance on tasks like image captioning and visual ques-
tion answering, largely due to training on massive image-
text datasets(Jin et al. 2024; Laurençon et al. 2024; Bao
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     A: The people shown in the
scene on the right are Sophie
and Oleg.

   Q: After reviewing the left-side relationship chart, who
are the people shown in the scene on the right?

Base Model

Our Model
     A: Max and Tom. Let me
make sure to generate a
answer that's based on the
given info. The key is to link
the characters from the image
to the relationships ... ...

Figure 1: We present a qualitative example comparing the
base model and our BISCUIT-trained model. In Question
(Q), we randomly rename the character Caroline as Tom
(red box) to ensure the concept is unseen. The base model
mismatches the concept, while our model correctly answers
by grounding to the provided relationship table. Red denotes
errors and green indicates correct concept mapping.

et al. 2025a). However, no matter how broad the training
data is, it is impossible to cover all possible concepts in
advance. In real-world scenarios, VLMs are often required
to identify new concepts during inference and apply them
correctly in output text(Li, Ma, and Peng 2024). However,
many concepts in real images such as who is who in a photo
or the meaning of a symbol in a chart, which are hard to
explain clearly using text alone(Huang et al. 2024a; Bao
et al. 2025b). In these cases, introducing the concept directly
through the input image is often a more effective choice.
Image-introduced concepts are concepts that appear only
in the image and require visual understanding without ex-
plicit textual description. Existing VLMs often fail to handle
image-introduced concepts(Rudman et al. 2025). As shown
in Figure 1, when faced with unfamiliar concept names that
do not appear during training, the model struggles to asso-
ciate them with the correct textual descriptions on the spot.
We refer to this failure as Mixing Things Up. This raises a
fundamental question: if we cannot pre-train VLMs on ev-
ery possible concept or encode all concept names in the tok-
enizer, how can we teach VLMs to learn new visual con-
cepts on the spot, directly from images during inference?
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To overcome this limitation, we focus on two essen-
tial abilities: (1) recognizing when a new concept appears
in the image, and (2) correctly aligning them with out-
put text. We propose BISCUIT (Basis-aligned Inference
through Structured Concept Unification and Identification-
aware Tuning), a two-step training method designed to help
VLMs recognize and apply novel image-introduced con-
cepts, as shown in Figure 2. Unlike prior approaches that in-
ject concept labels or rely on predefined tokens during fine-
tuning(Chen et al. 2025), BISCUIT requires no explicit in-
jection in tokenizer, instead teaching the model to learn from
raw visual input alone. To our knowledge, this is the first
work that enables VLMs to acquire novel concepts purely
through input images, without textual injection in advance.

Specifically, in Step I, we introduce a dual-stream en-
coder to enhance concept recognition. The RGB image is
processed by the pre-trained vision encoder, while the edge
image generated by the Canny(Ding and Goshtasby 2001)
operator highlights object boundaries and concept locations,
serving as input to newly added attention modules. These
new modules are initialized using decomposition from the
original encoder. We fuse both streams through a basis-
aligned strategy to form a structure-aware visual concept en-
coder. In Step II, we improve the performance of generated
text by fine-tuning with enriched prompts that describe the
visual attributes of introduced concepts. To align text with
visual input, we propose an identification-aware loss com-
bining a global contrastive term and a token-level continuity
penalty, encouraging precise and consistent outputs.

While most existing methods focus on person-related
concepts, they often overlook a broader range of image-
introduced concepts, such as cartoon characters, animals,
and symbolic elements in charts(Zhang et al. 2024; Ker-
aghel, Morbieu, and Nadif 2024). These concepts frequently
appear in real-world scenarios but are difficult to col-
lect and organize(Wu et al. 2024b; Yang et al. 2024). To
bridge this gap, we construct the BiscuitVQA benchmark
to evaluate model performance in recognizing and apply-
ing such concepts. The benchmark includes four task types:
Brief Answer, Detailed Description, Chain of Thought, and
Single Choice, covering diverse visual domains. Experi-
ments show that BISCUIT significantly improves model
performance across these tasks. Applied to both LLaVA-
1.5 and Qwen2.5-VL, our method outperforms strong open-
source baselines and even achieves results competitive with
Gemini-2.5 and GPT-4o on several tasks. Moreover, BIS-
CUIT demonstrates strong generalization by preserving per-
formance on unrelated downstream tasks better than other
methods.

Our contributions are as follows:

• We propose BISCUIT, a two-step training method
that improves the model’s ability to recognize image-
introduced concepts by integrating structural cues from
edge images, and enhances generation quality through
identification-aware tuning with a contrastive penalty.

• We construct a benchmark for evaluating image-
introduced concept learning, covering four task types:
Brief Answer, Detailed Description, Chain of Thought,

and Single Choice, across diverse domains including real
people, cartoons, animals, and symbolic charts.

• BISCUIT achieves competitive performance on image-
introduced concept tasks compared with other meth-
ods. It even performs competitively with Gemini-2.5 and
GPT-4o on several tasks, and shows strong generalization
by preserving performance on unrelated benchmarks bet-
ter than other methods.

Related Works
Vision-Language Model Architectures
Existing VLMs employ a modular design with a vision en-
coder, a modality merger (connector), and a large language
model (LLM) as text decoder. The vision encoder, usually a
vision transformer (ViT), generates image embeddings that
are merged with text tokens and passed to the LLM(Zhang,
Huang et al. 2024; Li et al. 2025). Qwen-VL(Wang et al.
2024) and LLaVA(Liu et al. 2024b) are representative mod-
els based on this design. In most cases, the vision encoder
contains significantly fewer parameters than the LLM(Fini
et al. 2025). InternVL(Chen et al. 2024) points out that this
imbalance may limit the overall performance of the model,
especially when dealing with unseen inputs. However, due
to the complexity of the VLMs architecture, fine-tuning all
three modules for specific tasks often leads to significant
drops in generalization ability(Huang et al. 2024b; Ge et al.
2025; Liang et al. 2024). Therefore, a key challenge is how
to improve task-specific performance while minimizing the
loss of generalization across other diverse tasks(Wu et al.
2024a; Wang et al. 2023b).

Visual Concept Learning
Visual concept learning in VLMs requires models to rec-
ognize and apply new concepts, such as unseen charac-
ters or symbolic elements, through generated text(Bouritsas
et al. 2018; Lee et al. 2023). Recent methods like
Yo’LLaVA(Nguyen et al. 2024) and MC-LLaVA(An et al.
2024) improve performance by modifying tokenizers and
using paired prompts, but they rely heavily on memorization
and struggle to learn from structural cues in the image. These
approaches also focus mostly on person concepts, overlook-
ing broader categories like cartoons, animals, and symbolic
content. Instead of injecting each concept, a more generaliz-
able solution is to let the model learn new image-introduced
concepts on the spot from the image during inference.

Methods
BISCUIT Overview
We propose BISCUIT, a two-step training method designed
to help VLMs learn and apply new visual concepts intro-
duced directly through images. The method focuses on two
core capabilities: recognizing unfamiliar concepts and ex-
pressing them accurately in output text. As shown in Fig-
ure 2, Step I enhances the model’s ability to recognize new
concepts by introducing a structure-aware encoder that in-
corporates both RGB and edge-based visual cues, while Step
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    Q: First, read the character relationship chart in the left-image. And
offer a detailed examination of the right-image, pointing out all visible
features and possible activities.

Step I: Structure-Aware Visual Concept Encoding Step II: Identification-Aware Tuning

In the right image, we
observe Phoebe Buffay standing
in the center, wearing a white
shirt with a black vest, and
comforting Monica Geller, who
is kneeling on the ground to the
right in a dark green sweater
with a red diamond pattern
and blue jeans. On the floor,
reaching toward Monica,
is Rachel Green ...

In the right image, a woman is
standing in the middle wearing
a black top, and Monica
Geller is on the floor wearing
a white shirt. On the right
side, Another woman is
reaching toward Monica while
wearing a red sweater ... 
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Figure 2: BISCUIT is a two-step training method for teaching VLMs to recognize and apply image-introduced concepts.
Preparation constructs a multi-types dataset, where each image is paired with QA pairs. Step II are expanded from Step I to
emphasize more details of the image. In Step I, a structure-aware dual-stream encoder processes both RGB and edge inputs. The
edge stream is initialized by decomposing the pre-trained vision encoder’s attention. Embeddings from both streams are fused in
a shared basis space and passed to the text decoder via a connector. In Step II, we optimize the text decoder with identification-
aware tuning, which combines a contrastive loss that focuses on global token-differences between candidate outputs, and a
continuity loss that captures local token-level inconsistencies, encouraging precise and concept-aligned generation.

II enables the text decoder to generate consistent and precise
responses based on the image-introduced concepts.

Step I: Structure-Aware Visual Concept Encoding
In this step, we aim to enable the VLMs to recognize novel
visual concepts by capturing input image’s structural pat-
terns. Specifically, we design the Structure-Aware Visual
Concept Encoder, which consists of two components: a
frozen RGB stream based on the original vision encoder
and a set of learnable edge stream attention modules that re-
ceives input edge images. These edge images generated by
the Canny operator, which we find consistently highlights
meaningful structural contours such as concept boundaries.
These edge stream attention modules are initialized from the
original vision encoder using a singular value decomposi-
tion(Abdi 2007), a SVD-based initialization strategy. SVD-
based initialization naturally aligns with the sparse nature of
edge images. It decomposes the original weights into three
low-rank weight matrices, enabling efficient transformation
by compressing, projecting, and reconstructing salient fea-
tures.

However, the two streams generate distinct image embed-
dings: one from the RGB image and another from the edge
image. Since existing VLM architectures accept only a sin-
gle image embedding as input(Bordes et al. 2024), directly
concatenating both would increase image token length and
training cost. This raises a key challenge: how to fuse the

two embeddings effectively. To address this, we propose
a basis-aligned fusion strategy that projects both embed-
dings into a shared basis space and combines them adap-
tively. Specifically, given the generated image embeddings
from the RGB-stream Ergb ∈ RB×N×D and the edge-stream
Eedge ∈ RB×N×D, where B is the batch size, N is the num-
ber of image tokens, and D is the embedding dimension,
we perform orthogonal projection into a shared basis space
using QR decomposition(Xu et al. 2024).

We combine both by summing their basis matrices ex-
tracted via QR decomposition. This decomposition factor-
izes a embedding into an orthogonal basis matrix and an up-
per triangular projection matrix. This operation merges the
subspace structures of the RGB and edge features, allow-
ing the fused space to preserve salient directions from both
inputs. We then apply another QR decomposition to ensure
that the fused basis Qfused is orthogonal. This step is essen-
tial for stabilizing the subsequent projection process, as or-
thogonal bases avoid redundant directions and preserve nu-
merical stability. In our experiments, we observe that omit-
ting this step results in significantly higher variance and in-
stability in training loss, confirming the necessity of main-
taining a well-conditioned fused subspace. Specifically, let
Q(·) denote the function that extracts the basis matrix from
the input via QR decomposition. We define the fused basis
Qfused as:

Qfused = Q (Q(Ergb) +Q(Eedge)) (1)
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We then project Ergb and Eedge into the shared basis
space: Ẽrgb = Qfused ·

(
Q⊤

fused ·Ergb
)
, Ẽedge = Qfused ·(

Q⊤
fused ·Eedge

)
. We compute cosine similarity(Xia, Zhang,

and Li 2015) between the projected embeddings to mea-
sure their informational difference. A high similarity indi-
cates low divergence between the RGB and edge embed-
dings, allowing the model to preserve the original visual
stream’s semantics. Conversely, a lower similarity highlights
the contribution of complementary structural cues from the
edge stream. This adaptive weighting helps balance new
structural signals with existing visual features, ensuring ef-
fective fusion while maintaining model stability: wrgb =

cos
(
Ẽrgb, Ẽedge

)
, wedge = 1 − wrgb. These weights wrgb

and wedge are normalized with a softmax: [wrgb, wedge] =
softmax([wrgb, wedge]). And the output fused embedding is
a weighted sum of the projected features: Efused = wrgb ·
Ẽrgb + wedge · Ẽedge. Finally, the fused embedding is added
as a residual to the RGB stream and passed through the orig-
inal connector before being fed into the text decoder. Dur-
ing Step I, we adopt the Cross-Entropy Loss(Krizhevsky,
Sutskever, and Hinton 2012) and freeze all original visual
attention layers to preserve pre-trained knowledge. Only the
newly introduced edge-stream modules, the connector, and
the text decoder are updated.

Step II: Identification-Aware Tuning
While Step I helps the model recognize new visual concepts
by capturing structural patterns, Step II focuses on align-
ing text generation with those concepts accurately. We refer
to this stage as identification-aware tuning, which fine-tunes
the connector and text decoder using enriched prompts and
a novel loss function.

We design structured prompts that link visual concepts
with textual descriptions. For example, we use fine-grained
attributes like “Jack is the man in a green jacket” and
questions that require multi-step reasoning (“Who is Jack,
and what is he doing?”). These prompts guide the model to
produce more specific and grounded outputs.

More importantly, we propose the identification-aware
loss to further enforce consistency between the model’s out-
put and the input image. This loss encourages the model
to prefer precise, concept-aligned output while penalizing
vague or overgeneralized ones. Formally, inspired by direct
preference optimization (DPO)(Rafailov et al. 2023), we de-
fine a contrastive loss that compares two candidate output
answers for the same input x (image + prompt): the pre-
ferred y+ and the less preferred y−. The loss encourages
higher likelihood for y+ over y−:

Lcontrastive = − log σ
(
log π(y+ | x)− log π(y− | x)

)
(2)

where σ is the sigmoid function, π(y | x) denotes the
model’s likelihood of generating text y given input x.

However, overall preference is not sufficient to ensure pre-
cise generation(Yan et al. 2024; Wang et al. 2023a). To en-
force token-level concept-alignment, we propose a continu-
ity loss that highlights regions where the model hesitates or

drifts away from the visual input. For instance, the correct
output text might be “Jack is the man in a green jacket sit-
ting on the left and reading a book”. However, the model
may generate “Tom is the man in a green jacket sitting
on the left and reading a book”, which superficially aligns
with the image but fails to identify the correct concept. Our
continuity loss captures such token-level inconsistencies by
focusing on words like Jack and Tom that reflect seman-
tic mismatches. For each token position t in the output, we
compute the absolute log-probability difference between the
chosen and rejected outputs:

dt =
∣∣log π(y+t | x)− log π(y−t | x)

∣∣ (3)
we then transform this difference into a soft confidence
mask: δt = σ · (dt − τ), where τ is a threshold that de-
termines whether two candidate output answers differ sig-
nificantly at a given token position. Let mt be a binary mask
that filters out padding tokens. The final weight for each to-
ken becomes: δ̃t = δt ·mt. We define the continuity loss as
the average product of adjacent uncertain tokens, which can
penalizes long vague spans:

Lcontinuity = λ · 1

T − 1

T−1∑
t=0

δ̃t · δ̃t+1 (4)

where T is the output length and λ is trainable. This loss
penalizes vague spans in the output and encourages the
model to be more decisive on critical tokens based on image-
introduced concepts.

In summary, the contrastive loss captures holistic pref-
erence between candidate outputs y− and y+, while the
continuity loss focuses on localized inconsistencies. The fi-
nal identification-aware tuning objective is defined as: L =
Lcontrastive + Lcontinuity.

Experiments and Analyses
Experimental Setup
We evaluate BISCUIT on our BiscuitVQA benchmark
for image-introduced concept learning, comparing it with
both open-source and closed-source models such as GPT-
4o(Hurst et al. 2024) and Gemini-2.5(Comanici et al. 2025).
We adopt two complementary metrics: SANLS for surface-
level accuracy and SGPT scoring for semantic alignment. To
assess generalization, we also test BISCUIT on 11 standard
VLM benchmarks and apply it to multiple base models, in-
cluding LLaVA-1.5(Liu et al. 2024a) and Qwen2.5-VL(Bai
et al. 2025) across different scales. All models are trained
with three runs and the average result is reported. Experi-
ments are conducted on NVIDIA A800 GPUs.

Dataset Summary: Existing datasets for concept learn-
ing have two main limitations. First, they narrowly define
concepts as real-person names, focusing on character match-
ing while ignoring broader visual concepts like animals, car-
toons, or symbols(Patel et al. 2024). Second, there is no
standardized benchmark for evaluating how well VLMs un-
derstand and apply image-introduced concepts. To address
this, we construct a new dataset that expands beyond hu-
man identity and supports consistent evaluation across di-
verse domains and reasoning types.
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Concept Types Task Types Concepts Count x
Human↑ Cartoon↑ Animal↑ Symbol↑ Brief↑ Detail↑ Choice↑ COT↑ x = 0↑ 1 ≤ x ≤ 3↑ x > 3↑

Overall↑
Methods

SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT

Qwen2.5-VL-3B
Base Model 28.2 52.1 29.3 53.2 26.4 49.2 21.0 48.0 20.4 56.5 25.0 50.3 47.9 62.6 23.3 54.2 29.3 67.2 23.9 61.3 29.2 59.8 303.9 614.3
MyVLM 30.0 58.3 34.7 64.2 32.9 55.7 26.3 56.7 27.3 57.9 30.4 56.5 59.3 73.3 36.8 65.6 30.9 67.6 28.1 64.7 41.1 64.2 377.8 684.6
Yo’LLaVA 29.8 61.7 32.8 61.4 31.8 63.3 28.8 52.8 25.0 52.1 27.9 60.0 53.3 78.3 40.5 66.2 31.7 72.7 27.9 61.0 35.6 63.8 364.9 693.2
MC-LLaVA 32.6 58.1 34.0 60.6 31.8 61.3 28.1 59.3 24.0 61.4 31.8 62.3 70.0 67.8 44.4 71.3 29.1 70.0 30.8 66.2 40.1 68.5 396.8 706.8
Yo’Chameleon 30.1 63.5 34.0 56.1 35.0 58.8 29.0 45.5 23.5 56.9 29.3 64.9 67.8 72.4 43.8 67.5 30.3 65.5 28.5 68.4 41.0 63.0 392.1 682.4
BISCUIT(ours) 33.1 67.2 36.3 63.5 35.5 62.7 29.2 60.5 29.4 63.1 33.8 68.6 69.6 78.5 46.0 70.3 32.0 74.4 31.7 67.3 41.7 72.7 418.3 748.7

Qwen2.5-VL-7B
Base Model 31.5 54.5 32.5 57.0 28.5 55.8 23.1 48.7 19.1 55.0 28.1 54.6 58.7 70.6 26.2 69.3 33.8 72.4 24.6 70.7 33.8 68.2 339.9 676.6
MyVLM 37.6 60.9 38.7 53.1 38.1 67.7 30.2 63.8 26.7 50.8 29.1 65.5 72.6 84.8 58.0 75.2 34.6 79.6 30.3 75.7 43.7 71.4 439.6 748.3
Yo’LLaVA 34.3 65.0 40.8 57.5 41.5 62.2 28.6 61.5 26.7 55.7 27.1 61.5 64.9 65.3 50.9 70.0 31.3 73.5 31.3 71.4 41.2 73.7 418.5 717.5
MC-LLaVA 38.4 71.7 41.3 58.8 43.3 64.3 30.4 61.3 30.1 61.6 33.8 63.4 66.3 77.0 57.2 72.3 35.7 81.4 36.8 69.0 46.1 70.2 459.2 750.7
Yo’Chameleon 38.6 67.7 42.0 61.6 41.2 65.6 30.8 65.8 28.6 61.7 32.0 58.4 69.9 82.9 59.6 77.3 35.9 80.3 38.6 74.1 45.4 72.7 462.4 768.2
BISCUIT(ours) 40.1 71.4 42.3 65.5 42.9 68.6 31.4 65.1 30.2 68.0 35.5 71.7 72.7 78.7 61.6 76.7 37.9 82.6 40.2 76.0 49.0 75.5 483.9 799.6

LLaVA-1.5-7B
Base Model 21.9 53.1 23.4 55.5 23.0 54.2 21.6 57.3 20.9 61.1 22.1 64.7 41.7 59.7 23.7 76.2 28.5 72.5 23.1 64.1 24.1 68.1 274.0 686.5
MyVLM 18.0 63.1 26.5 62.2 23.2 64.6 22.7 61.8 19.9 67.8 23.4 73.3 55.5 63.9 26.2 82.8 27.6 82.8 23.1 69.3 23.8 73.1 289.9 764.9
Yo’LLaVA 20.0 61.1 27.2 62.4 22.8 59.1 21.8 69.8 21.0 69.0 26.5 68.1 53.2 60.7 23.2 77.7 24.0 84.0 19.3 62.9 24.6 76.2 283.4 750.9
MC-LLaVA 23.5 58.4 28.9 59.7 26.8 58.2 24.4 68.8 24.6 62.6 21.4 72.5 59.3 66.9 25.5 82.8 28.6 78.0 22.2 66.7 25.3 80.2 310.7 754.6
Yo’Chameleon 22.0 56.4 27.2 63.9 25.8 57.1 22.4 63.0 19.7 70.3 24.1 71.4 51.1 64.2 25.9 80.9 30.2 84.5 22.9 64.1 26.3 76.5 297.6 752.2
BISCUIT(ours) 23.9 63.9 29.6 62.4 27.8 60.0 24.0 68.5 24.4 72.4 27.2 72.7 59.4 68.5 26.7 84.6 30.6 83.6 25.1 68.1 26.4 78.6 325.2 783.3

LLaVA-1.5-13B
Base Model 24.7 56.0 25.8 54.4 24.6 59.7 23.5 62.5 21.0 68.8 24.6 70.6 44.7 71.2 21.9 78.3 31.0 80.5 24.0 65.8 27.9 71.7 293.6 739.3
MyVLM 31.8 64.4 33.6 56.2 32.6 64.3 34.2 65.3 29.5 67.5 30.2 71.9 68.5 78.9 21.4 83.2 37.4 82.8 34.6 66.6 34.0 75.8 387.8 776.9
Yo’LLaVA 33.1 60.1 32.7 60.4 36.7 64.6 32.2 60.3 27.6 70.3 31.1 73.0 71.1 78.2 22.1 74.0 35.5 79.1 25.1 57.8 36.5 72.8 383.6 750.6
MC-LLaVA 39.1 59.9 41.0 48.9 34.1 60.6 37.9 65.3 26.0 73.1 29.1 70.2 82.3 70.0 24.8 85.5 31.6 84.2 32.6 62.9 35.9 74.6 414.3 755.1
Yo’Chameleon 36.5 57.2 38.8 54.8 33.6 58.8 33.3 64.8 30.0 69.7 32.9 72.7 81.0 72.0 21.0 86.3 38.1 78.4 30.4 69.0 38.9 77.3 414.4 760.9
BISCUIT(ours) 40.0 64.4 41.8 60.8 38.4 62.7 42.7 68.3 31.5 75.4 36.1 75.0 80.5 81.3 26.2 88.1 41.3 85.9 36.5 71.4 40.6 80.6 455.7 813.8

GPT-4o 51.8 82.6 42.4 78.2 40.1 80.3 54.8 86.6 46.6 91.3 38.7 88.6 96.7 93.7 32.7 90.0 48.5 92.5 47.2 79.6 44.9 94.8 544.3 958.1
Gemini-2.5 48.0 77.8 40.4 66.4 42.2 61.5 46.6 71.9 38.0 86.1 38.7 72.9 88.3 91.1 28.1 88.4 50.0 84.2 43.9 75.0 41.9 98.5 505.9 873.8

Table 1: We evaluate our method and other baselines on BiscuitVQA benchmark. The evaluation covers four visual con-
cept types (Human, Cartoon, Animal, Symbol), four task types (Brief Answer, Detailed Description, Single Choice, Chain-of-
Thought), and varying numbers of image-introduced concepts within a single benchmark sample. Performance is assessed using
two metrics: SANLS and SGPT . “Overall” denotes the sum of all scores. Bold and underlined indicates the best performance
among open-source methods, while bold only indicates the second best.

Concept and Task Types: Our dataset covers four con-
cept categories: (1) real-world people (Human), (2) car-
toon characters (Cartoon), (3) animals (Animal), and (4)
symbolic content (Symbol) such as charts and tables. For
each concept, we create four question types: Brief Answer
(Brief), Detailed Description (Detail), Chain-of-Thought
(CoT), and Single Choice (Choice), targeting different rea-
soning abilities. We also include multi-concept cases requir-
ing the model to distinguish and reason over several novel
concepts in one image. Notably, to prevent models from re-
lying solely on surface-level name matching, we design a
subset of samples where the model engages with novel vi-
sual concepts without the need to explicitly state their names
in the answer, corresponding to a concept count of zero,
encouraging deeper understanding of the visual context, as
shown in Figure 3. The dataset includes 31,384 samples
for Step I (recognition) and 38,954 for Step II (generative
reasoning). Additionally, we construct a test benchmark of
5,845 samples for fair evaluation, ensuring they are excluded
from training.

Construction Process: To introduce new concepts visu-

ally, we construct a concept relationship graph for each im-
age and place it next to the original image, forming a com-
posite input as shown in Figure 2. These composite images
present novel names or symbols within visual context, with-
out relying on textual prompts. Initial answers are generated
by Claude-3.5(Anthropic 2024) and then refined by human
annotators to ensure consistency with the visual concepts.

Benchmark Evaluation
We evaluate BISCUIT on our BiscuitVQA benchmark
against both open-source and closed-source models. Open-
source baselines include state-of-the-art models from 2024
and 2025: MyVLM(Alaluf et al. 2024), Yo’LLaVA(Nguyen
et al. 2024) , MC-LLaVA(An et al. 2024) , and
Yo’Chameleon(Nguyen et al. 2025). For fairness, we adopt
their standard concept-injection strategies, such as name
prompting in Yo’LLaVA. Closed-source models include
GPT-4o and Gemini-2.5. To reduce format-related varia-
tions, we standardize all model outputs using GPT-4o-mini
by removing template artifacts and irrelevant prefixes based
on different input types. We further employ two metrics to

2412



34.20%
 36.63%

19.99%
 18.24%

36.63%

 18.24%
29.25%

16.56%
 16.27%

28.86%
 16.27%

28.86%

36.00%
33.69% 34.08%

36.78%
41.53% 41.11%

18.62%
15.00% 15.00%

8.60%
9.78% 9.80%

30.81%
26.61% 10.37%

48.03%
34.67% 47.03%

21.16%
38.71% 42.60%

Human
Cartoon

Animal

Brief
Symbol

Detail
Choice

Chain of Thought
X = 0

1 ≤ X ≤ 3
X > 3

Human

Cartoon
Animal

Symbol
Brief

Detail
Choice

Chain of Thought

X > 3

X = 0
1 ≤ X ≤ 3

Step I Step II
Concept Types
Task Types
Concepts Count X

Image Types
Task Types
Concepts Count X

Concept Types
Task Types
Concepts Count X

Benchmark

Figure 3: Left bars represent data distributions in Step I
and Step II, while the right bars summarize the BiscuitVQA
benchmark status, with an average token length of 185. Step
I with an average token length of 161. Step II extends Step
I with more detailed reasoning, increasing the average token
length from 161 to 216.

evaluate each model’s performance: (1) Average Normal-
ized Levenshtein Similarity (SANLS)(Peer et al. 2024), which
measures character-level similarity between predictions and
references; and (2) GPT-4o Rating (SGPT), which scores se-
mantic alignment between model outputs and ground-truth
answers using GPT-4o with a fixed prompt. Each benchmark
sample receives a score between 0.1 and 1.0 for both ANLS
and GPT-4o rating. We compute the final benchmark scores
SANLS and SGPT by averaging the respective scores across
all samples and multiplying the result by 100 to obtain a
percentage.

Image-Introduced Concept Learning Test: As shown
in Table 1, BISCUIT consistently outperforms all open-
source baselines. Specifically, it brings the largest perfor-
mance gains over base models across all methods. On av-
erage, BISCUIT improves the Qwen2.5-VL series by ap-
proximately 40% in SANLS and 20% in SGPT , and boosts
LLaVA-1.5 by around 36% and 12% respectively. Moreover,
BISCUIT even achieves performance comparable to GPT-
4o and Gemini-2.5, especially on Cartoon and Detailed De-
scription subsets under the LLaVA-1.5-13B setting.

Generalization Test: In addition to achieving competitive
performance on image-introduced concept benchmark, an
interesting observation is that our method retains strong gen-
eralization to unrelated tasks. We evaluate on benchmarks
across multiple domains (e.g., SQA(Saikh et al. 2022),
OCR-VQA(Mishra et al. 2019), HB(Guan et al. 2024) et
al.). As shown in Figure 4, our method retains an average
of 85.28% and 94.07% of generalization performance on
Qwen2.5-VL-3B and Qwen2.5-VL-7B, outperforming the
second-best results of 81.21% and 91.09% respectively. On
LLaVA-1.5-7B and 13B, we achieve the best retention, with
averages of 94.87% and 94.29%.

Qwen2.5-VL-3B Qwen2.5-VL-7B LLaVA-1.5-7B LLaVA-1.5-13B
Methods

IICL Gene IICL Gene IICL Gene IICL Gene
w/o 544.8 85.5% 608.0 95.2% 511.8 94.2% 611.1 92.4%
Laplacian 540.8 79.5% 617.8 91.1% 522.6 91.5% 602.6 90.7%
Sobel 515.4 77.1% 587.4 84.5% 500.4 86.4% 595.2 87.7%
HED 578.4 81.0% 622.8 86.4% 514.0 92.0% 622.1 92.4%
Canny 583.5 85.3% 641.8 94.1% 554.3 94.9% 634.8 94.3%

Table 2: Performance comparison of different edge detection
methods used in Step I. Image-Introduced Concept Learning
(IICL) is computed as the average of the Overall scores in
Table 1, while Generalization (Gene) represents the mean
performance across different benchmarks shown in Figure 4.

Qwen2.5-VL-3B Qwen2.5-VL-7B LLaVA-1.5-7B LLaVA-1.5-13B
Methods

IICL Gene IICL Gene IICL Gene IICL Gene
Sum 539.8 83.0% 621.5 88.9% 528.0 90.0% 609.0 89.2%
SVD 550.1 83.5% 587.1 91.4% 513.4 92.2% 602.4 92.1%
LU 557.7 85.3% 605.5 89.4% 505.2 91.3% 616.5 86.5%
Eigen 561.6 79.2% 619.2 91.7% 531.5 86.7% 597.1 89.3%
QR 583.5 85.3% 641.8 94.1% 554.3 94.9% 634.8 94.3%

Table 3: IICL and Gene performance with different fusion
methods of edge and original embeddings in step I.

We attribute this to the BISCUIT architecture. Specifi-
cally, in Step I, the original vision encoder is fully frozen,
preserving the model’s foundational visual representations.
In Step II, although we fine-tune the connector and text
decoder with identification-aware loss, the fusion of dual-
stream embeddings introduces structural cues without dis-
rupting the pre-trained vision-text alignment. This setup pre-
vents catastrophic forgetting and allows the model to incor-
porate new concepts while leveraging existing knowledge.

Edge Image Variants: In Step I, we employ Canny edge
detection to generate edge images. To assess its effective-
ness, we compare it with Laplacian(Van Dokkum 2001),
Sobel(Gao et al. 2010), and HED(Xie and Tu 2015), as
shown in Table 2, “w/o” indicates that no edge detection
methods are used. Canny shows the highest overall perfor-
mance across both concept learning and generalization. We
attribute this to its ability to preserve key structural contours
(e.g., facial outlines, chart legends) while suppressing back-
ground noisy. However, HED tends to over-emphasize back-
ground regions, and Laplacian and Sobel often miss fine-
grained details crucial for identifying characters and sym-
bolic content.

Fusion Method Comparison: In Step I, to validate our
use of QR decomposition for aligning RGB and edge-stream
embeddings, we conduct a comparative study with other
common matrix decomposition techniques: SVD, LU de-
composition(Bartels and Golub 1969), and Eigenvalue de-
composition(Hall, Marshall, and Martin 2002), as shown
in Table 3, “Sum” denotes the direct addition of the two
embeddings. Results indicate that QR-based basis projec-
tion yields the best performance. We attribute this to the
orthogonality-preserving nature of QR, which enables more
stable and consistent projection into the shared structure
space. Unlike SVD or LU decomposition, QR avoids over-
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Figure 4: To quantify the impact of image-introduced concept learning on generalization, we evaluate four models on diverse
downstream benchmarks. BISCUIT achieves the highest average performance retention across all methods.

Concept Types Task Types Concepts Count x
Human↑ Cartoon↑ Animal↑ Symbol↑ Brief↑ Detail↑ Choice↑ COT↑ x = 0↑ 1 ≤ x ≤ 3↑ x > 3↑ Overall↑♣ ♠ ♦

SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT SANLS SGPT

Gene↑

✔ ✔ ✔ 40.1 71.4 42.3 65.5 42.9 68.6 31.4 65.1 30.2 68.0 35.5 71.7 72.7 78.7 61.6 76.7 37.9 82.6 40.2 76.0 49.0 75.5 483.9 799.6 94.1%
✔ ✔ ✘ 35.8 62.5 38.1 55.7 38.9 62.6 27.8 60.8 30.7 60.1 32.4 66.4 69.3 67.4 58.4 71.2 33.5 79.0 36.3 70.1 45.0 65.8 446.3 721.7 94.7%
✔ ✘ ✔ 36.7 63.9 37.2 57.6 37.8 62.9 27.8 62.0 27.0 62.2 32.6 70.8 65.2 70.2 56.3 70.5 35.9 79.6 36.2 71.1 45.0 67.7 437.6 738.6 91.0%
✘ ✔ ✔ 36.4 63.5 38.5 62.3 38.5 60.4 28.9 58.0 28.8 61.2 32.2 67.3 68.3 70.9 55.4 66.2 34.6 79.9 36.3 70.5 43.5 71.2 441.5 731.4 89.7%
✔ ✘ ✘ 29.4 63.8 34.0 53.2 34.9 61.4 26.0 56.8 23.9 63.1 29.5 60.6 64.2 68.3 52.4 65.8 29.8 75.8 34.3 66.6 41.9 67.3 400.4 702.6 89.9%
✘ ✔ ✘ 33.0 63.0 34.3 57.1 36.3 63.6 26.2 58.6 25.1 61.4 30.4 65.7 66.9 66.9 55.0 68.0 34.7 74.5 34.6 68.4 41.1 64.8 417.5 712.2 89.6%
✘ ✘ ✔ 30.4 60.8 37.6 54.5 34.3 59.4 28.2 56.1 26.6 60.5 28.8 62.4 64.2 64.2 53.8 70.0 33.0 78.4 34.0 69.5 42.1 66.3 413.0 702.0 87.3%

Table 4: Ablation results on Qwen2.5-VL-7B assessing the impact of each module on benchmark scores and generalization
performance. “♣” denotes the dual-stream encoder, “♠” indicates the initialization strategy for edge-stream modules, and “♦”
represents the identification-aware loss.

compression or skewed scaling of the feature components
from the original and edge image embeddings, which could
otherwise distort the alignment of local structural cues.

Loss Parameter Sensitivity Analysis: We study how the
identification-aware loss threshold τ affects model perfor-
mance by varying it from 0.0 to 0.5. As shown in Figure 5,
setting τ = 0.0 leads to relatively high image-introduced
concept learning benchmark performance but significantly
harms generalization, especially on Qwen2.5-VL-3B. This
phenomenon is intuitive: when τ is too low, the model fo-
cuses excessively on matching the positive target y+ at
the token level. This causes the output style to gradually
converge toward y+, eventually leading to a mismatched
or overfitted representation that undermines generalization.
Conversely, when τ is too high, the model fails to effectively
learn the intended structure of y+, leading to weaker per-
formance of concept learning. To strike a balance, we set
τ = 0.1 as the default, which achieves both effective con-
cept learning and generalization preservation.

Ablation Studies: We further evaluate the contribution
of each component in BISCUIT, as shown in Table 4. We
consider three variants: (1) replacing the dual-stream en-
coder with the original single-stream vision encoder, (2) re-
placing SVD-based initialization with random weights, and
(3) substituting the identification-aware loss with standard
DPO. Interestingly, removing Step I components leads to
a notable decline in generation quality, while removing the
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Figure 5: Model performance score (y-axis) trends under
different τ values (x-axis) in step II. We evaluate both our
benchmark score (bar) and generalization score (%) (line).

identification-aware loss results in a clear drop in SGPT.

Conclusion
We propose BISCUIT, a two-step training method that mit-
igates VLMs’ failure to learn image-introduced concepts:
Step I enhances concept recognition via a dual-stream,
structure-aware encoder, and Step II improves text genera-
tion with a novel identification-aware loss. Furthermore, we
construct a BiscuitVQA benchmark covering diverse con-
cept types and task formats. Experiments show that BIS-
CUIT outperforms open-source baselines and better pre-
serves generalization to other tasks.
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