DiT-Distill: Open-Set Fine-Grained Retrieval via Generative Curriculum
Knowledge

Supplementary Material

This supplementary material includes an introduction to
Curriculum Learning (Sec. S1), more implementation de-
tails for constructing the CDR-DiT training data (Sec. S2),
more experimental results and visualizations of DiT-Distill
(Sec. S3), and a discussion of limitations (Sec. S4).

S1. Curriculum Learning

Curriculum learning is first introduced by Bengio et al. [3]
as a training strategy that mimics the step-by-step learning
process of humans. Later studies extend this idea. For ex-
ample, SPL [20] and MCL [66] adjust data diversity using
static sample difficulty, while DiH [67] adjusts the learning
pace based on the exponential moving average of sample
difficulty. Previous works [29, 42, 61] have also applied
curriculum learning to more challenging domains such as
noisy data environments and visual QA, demonstrating its
potential in challenging scenarios. DynaCor [29] separates
incorrectly labeled instances from correctly labeled ones
through clustering of training dynamics. DCML [42] in-
tegrates curriculum learning with meta-learning to address
noisy few-shot tasks. More recently, researchers have ex-
plored combining data augmentation with curriculum learn-
ing [1, 34, 38, 60]. CUDA [1] merges curriculum learning
with image augmentation to improve performance on tail
classes in long-tail learning. DisCL [34] adjusts the image-
guidance level during image synthesis at each training stage
to better learn from hard samples. In our work, we treat
the generative knowledge at different diffusion timesteps as
curriculum knowledge and transfer it step-by-step to the re-
trieval backbone.

S2. More Details for Constructing the CDR-
DiT Training Data

This supplementary is for Sec. 3.2 of the main paper.
Fig. S.2 illustrates the complete pipeline for construct-
ing the training data for CDR-DiT, including generat-
ing context-to-object image pairs and their corresponding
attribute-centric textual descriptions.

S2.1. Data Construction Details

Construction of Context-to-Object Image Pairs. The
procedure for constructing context-to-object image pairs is
summarized in Algorithm .

To isolate fine-grained objects from complex back-
grounds, we employ an open-vocabulary detector [37]. Cru-
cially, we use the coarse super-category name (e.g., “bird”

Algorithm 1 The process of constructing context-to-image
pairs

Input: Context image I, text prompt P, open-vocabulary
detector OVD
Output: Object Image Ip
1: score,Iop < OVD(I, P)
2: if score < 0.5 then
32 Ip < None
4: end if

Table S.1. The number of context-to-object image pairs for each
dataset.

NABirds
17,689

Dataset CUB-200-2011 Cars  Dogs

Number 5,218 7,411 9,053

or “car”) as the detection prompt P, rather than specific
fine-grained labels. This ensures that our object extrac-
tion process remains generalizable and does not leak fine-
grained category information, strictly adhering to the open-
set setting.

Given a context image I and prompt P, the detector ex-
tracts the object bounding box. We filter out low-confidence
detections (score < 0.5) to ensure data quality. The result-
ing object image I effectively suppresses irrelevant back-
ground noise (see Fig. S.1).

Preprocessing Note: Since fine-grained recognition re-
lies heavily on precise geometric cues (e.g., beak shape,
wheel proportions), simply resizing Io to a square resolu-
tion would introduce shape deformation. Therefore, we ex-
plicitly pad the shorter side of the cropped object with zeros
(or mean pixel values) to verify the aspect ratio before re-
sizing. The statistics of the constructed pairs are detailed in
Table S.1.

Generation of Attribute-Centric Textual Descriptions.
Using the clean object image I, we generate the attribute-
centric description T.,; using Qwen2.5-VL-7B [2]. We
designed a specific attribute-focused instruction: “Describe
the [cls] in the image and its characteristics in one sentence,
without outputting its category name.” This negative con-
straint (“without outputting...”) is critical. It prevents the
VLM from “taking a shortcut” by simply retrieving ency-
clopedic knowledge associated with a class name. Instead,
it forces the VLM to ground its description in visual evi-



dence, resulting in rich descriptions of color, texture, and
parts (as shown in Fig. S.1) that are essential for learning
discriminative generative curriculum knowledge.

S3. More Experiments Analysis
S3.1. Ablation Study

This supplementary is for Sec. 4.3 of the main paper.

S3.1.1. Ablation on CDR Conditioning Components

A core premise of our method is that the CDR stage re-
lies on attribute-centric text guidance (T, ;) to refine the
DiT’s focus. To validate this, we perform a comprehensive
ablation study in Table S.2 by progressively degrading the
conditioning signals.

Impact of Textual Guidance (A1 & A2). We first test the

necessity of the attribute description.

* A2 (No Text): When we remove the text entirely (us-
ing an empty string), the model degrades to a pure
image-inpainting/cropping task. Performance drops sig-
nificantly from 87.2% to 85.3%. This -1.9% drop pro-
vides direct evidence that the visual context alone is in-
sufficient for learning fine-grained discrepancies.

* Al (Generic Text): Using a fixed template (“A photo of
a [cls]”) recovers some performance (86.1%), likely by
activating the DiT’s general class priors.

¢ Full Model (Attribute Text): However, our full model
with specific attribute descriptions achieves the best re-
sult (87.2%). The clear hierarchy (No Text < Generic
< Attribute) strongly validates our “attribute-centric” hy-
pothesis: it is the specific semantic details in T, that
guide the model to focus on critical visual discrepancies.

Impact of Contextual Guidance (A3). Finally, we inves-
tigate the role of the context image I (A3). Removing I
reduces the task to standard text-to-image fine-tuning (gen-
erating Io from text only). The performance drop to 86.4%
confirms that the context-to-object formulation is essential.
The context image acts as a “control signal”, forcing the
model to learn the discrepancy between the holistic context
and the fine-grained object, rather than just generating the
object from scratch.

S3.1.2. Impact of MLLM Selection

The quality of the text guidance T.,; depends heavily on
the Multimodal Large Language Model (MLLM) used to
generate it. In Table S.3, we compare descriptions gen-
erated by three state-of-the-art MLLMs. Interestingly, we
find that performance is not correlated with model size.
The largest model, GLM-V4.1 (9B), achieves 86.9% R@1.
However, the smaller Qwen2.5-VL (7B) outperforms it with
87.2% R@]1. This counter-intuitive result suggests that for

Table S.2. Ablation of CDR conditioning components on CUB-
200-2011. We compare our full attribute-centric approach against
variants with degraded text or missing image context.

Conditioning Variant R@l R@2
Variation 1: Text Guidance Quality

Al: Generic Class Prompt (“A photo of a bird”) 86.1% 91.5%
A2: No Text Guidance (Empty Input) 853% 90.8%

Variation 2: Image Guidance

A3: No Context Image (Standard T2I Fine-tuning) I  86.4% 91.7%
DiT-Distill (Full: Context + Attribute Text) 87.2% 92.4%

Table S.3. Ablation on the choice of MLLM for generating at-
tribute descriptions. We compare models of varying sizes on CUB-
200-2011.

MLLM Generator Model Size R@1 R@2
Keye-VL1.5 [59] 8B 86.7% 91.7%
GLM-V4.1[16] 9B 86.9% 92.1%
Qwen2.5-VL (Ours) [2] 7B 87.2% 92.4%

Table S.4. Ablation study of different task-learning constraints on
CUB-200-2011. We compare our proxy-based approach against
standard classification and contrastive methods.

Method Type Loss Function R@1 R@2
Classification Cross-Entropy Loss  80.5%  86.9%
Pairwise Metric Contrastive Loss 85.0% 91.1%
Proxy-based Metric Our L1asg (DRC) 87.2% 92.4%

Table S.5. Ablation study comparing our Curriculum strategy
against Single-Step and Feature Fusion baselines on CUB-200-
2011.

Strategy  ¢; (Noisiest) ¢4 (Clearest) Feature Fusion t3-t4  t2-t4 (Ours)

R@1 84.4% 86.7% 85.9% 87.0% 87.2%
R@2 90.3% 92.0% 91.5% 92.3% 92.4%

fine-grained understanding, the quality of visual-semantic
alignment (i.e., how accurately the model describes subtle
visual details) is far more critical than the model’s raw pa-
rameter count or general knowledge. Qwen2.5-VL’s supe-
rior ability to ground fine-grained attributes into text pro-
vides the most effective supervision for our CDR stage, jus-
tifying its selection as our default generator.

S3.1.3. Effectiveness of Discrepancy Representation
Constraint

We validate the design of our task-learning objective, the
Discrepancy Representation Constraint (DRC), by compar-
ing it against two standard alternatives in Table S.4.
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Figure S.1. Example of context-object image pairs and their corresponding attribute-centric textual descriptions on the CUB-200-2011.

Context Image Object Image

Open-Vocabulary

Detector

“Describe the bird in the image and its characteristics in
one sentence, without outputting its category name.”

| The bird in the image is characterized by )
its black wings and tail, a short conical
beak, and a slightly streaked back. 1

Multimodal Large
Language Model

Attribute-Centric Textual Description

Figure S.2. An overview of the construction of context-to-object
image pairs and the generation of their corresponding attribute-
centric textual descriptions.

Comparison with Cross-Entropy. Standard Cross-
Entropy (CE) loss yields the weakest performance (80.5%
R@1). This is expected because CE optimizes for decision
boundary separability rather than intra-class compactness.
While it classifies training data correctly, it fails to structure
the embedding space for open-set retrieval.

Comparison with Contrastive Loss. Contrastive Loss
improves performance to 85.0% by explicitly optimiz-
ing pairwise distances. However, it still lags behind our
method. This is likely because contrastive learning relies on
local, sample-to-sample comparisons within a batch, lack-
ing a global view of the class distribution.

Superiority of Lrask. Our DRC loss achieves the best
performance (87.2%). By utilizing learnable proxies, it
combines the benefits of both worlds: it provides a global
context (like CE) while explicitly optimizing the cosine

similarity structure (like Contrastive Loss). This forces the
embeddings to form tight, discriminative clusters around
stable class centers, significantly enhancing generalization
to unseen subcategories.

S3.1.4. Is it Curriculum Learning or Just Feature Diver-
sity?

A key question is whether our performance gains stem
from the specific curriculum strategy (stage-wise align-
ment) or simply from accessing diverse features across mul-
tiple timesteps. To investigate this, we compare our method
against a strong baseline:

 Single-Step Baselines (¢1,?4): Distilling from a single
timestep.

¢ Feature Fusion Baseline: Instead of a curriculum, we
compute the average of the discrepancy embeddings from
all four stages (Ep = 411 S E D,t,) and distill this sin-
gle, fused representation. This baseline has access to the
same information as our method but lacks the hierarchi-
cal structure.

As shown in Table S.5, the Fusion baseline achieves
85.9% R@1. While this outperforms the noisy single-step
t1 (84.4%), it significantly underperforms our curriculum
strategies (t3-t4: 87.0%, to-t4: 87.2%). This -1.3% gap
is revealing. If performance were driven solely by “’seeing
more features,” Fusion should match our method. Its failure
suggests that simply averaging features dilutes the distinct
semantic information present at different granularity levels.
In contrast, our curriculum approach forces the student to
explicitly align with the structural progression from coarse
to fine, validating that the curriculum mechanism itself is
essential for robust representation learning.



Attribute-Centric Textual Description: The bird in the image is characterized by its entirely
black body with glossy plumage, a sharp pointed beak, and striking yellow eyes.

Attribute-Centric Textual Description: The bird in the image is characterized by its striking
black head and back, a bright crimson breast, white underparts, and white wing patches.

(a) (b) (c)

Attribute-Centric Textual Description: The bird in the image is characterized by its white head
and body, gray wings with black tips, pinkish legs, and a yellow beak with a red spot near the tip.

Attribute-Centric Textual Description: The bird in the image is characterized by its dark gray-
brown body, with a stout, conical beak and slender black legs.

(a) (b) (c)

Figure S.3. Illustration of generated images. (a) shows the input (context) image, while (b) and (c) show the images generated by CDR-DiT

and CDR-DiT (Mismatched), respectively.

Table S.6. Ablation study of teacher knowledge sources on CUB-
200-2011. We compare our Generative Teacher (DiT) against
state-of-the-art Discriminative Teachers (CLIP, DINOv2) to val-
idate the unique benefit of generative curriculum knowledge.

Teacher Type = Teacher Model Recall@l Recall@2

Diseriminative  DINOV2 (VIE-B/16) [40]  84.2% 90.2%
ISCOMINAUVE v 1p (VIT-B/16) [43] 84.9% 90.7%

Generative  DiT-Distill (DiT) 87.2% 92.4%

S3.1.5. Superiority of Generative Curriculum Knowl-
edge

A critical question is whether our performance gains stem

from the specific nature of DiT’s knowledge or simply from

distilling a large-scale foundation model. To answer this,

we replace the DiT teacher with two state-of-the-art dis-

criminative teachers: CLIP [43] (text-aligned) and DI-

NOv2 [40] (visual-centric), keeping the rest of the distil-

lation pipeline unchanged. As shown in Table S.6, while

CLIP achieves a respectable 84.9% R@]1 due to its rich

open-set semantics, it still lags significantly behind DiT-

Distill (87.2%). This +2.3% gap highlights a fundamental

difference in knowledge nature:

¢ Discriminative models (CLIP/DINO) are trained for in-
variance—ignoring subtle details to align images with
texts or augmentations.

¢ Generative models (DiT) are trained for reconstruc-
tion—learning to synthesize every fine-grained detail
from noise.

Our results quantitatively prove that for fine-grained re-

trieval, the constructive, detail-oriented knowledge embed-

Table S.7. Scalability analysis using different retrieval backbones
on CUB-200-2011. Performance gains (1) are relative to the ViT-
B/16 baseline.

Backbone Recall@1 Recall@2 Params (M)
ViT-B/16 87.2% 92.4% 86
ViT-L/14  88.7% (1 1.5%) 93.2% (1 0.8%) 307
ViT-H/14  89.8% (12.6%) 93.7% (1 1.3%) 632

Table S.8. Comparison with state-of-the-art Parameter-Efficient
Fine-Tuning (PEFT) methods on CUB-200-2011. Our method
outperforms traditional adaptation techniques by injecting genera-
tive knowledge.

Method Base Model Recall@1 Recall@2
CLIP-Adapter [14]  CLIP-ViT-B/16 69.8% 80.5%
AdaptFormer [8] ViT-B/16 (IN-21k) 73.3% 82.9%
CLIP-LoRA [62] CLIP-ViT-B/16 76.5% 84.7%
ViT-LoRA [18] ViT-B/16 (IN-21k) 83.0% 89.2%
DiT-Distill (Ours) ViT-B/16 (IN-21k) 87.2% 92.4%

ded in DiT’s generative curriculum is superior to the static,
invariant features of discriminative giants. This validates
that GCK is not just “more knowledge”, but the right kind
of knowledge for capturing subtle visual discrepancies.

S3.1.6. Scalability with Stronger Backbones

To assess the scalability of our framework, we replace
the standard ViT-B/16 student with larger architectures,
ViT-L/14 and ViT-H/14, as shown in Table S.7. Perfor-
mance consistently improves as model capacity increases,



with ViT-H/14 reaching an impressive 89.8% R@1. Cru-
cially, this trend confirms that our Generative Curriculum
Knowledge (GCK) is rich and complex enough to provide
additional supervision signal even for high-capacity mod-
els. It proves that DiT-Distill is model-agnostic and can
scale up to leverage stronger backbones for even higher per-
formance.

S3.1.7. Comparison with Different Parameter-Efficient
Fine-Tuning Methods.

We compare DiT-Distill against standard Parameter-
Efficient Fine-Tuning (PEFT) methods in Table S.8. Stan-
dard PEFT methods (e.g., ViT-LoRA, 83.0%) are limited
because they only adapt the pre-existing knowledge within
the frozen backbone. They struggle to learn new, fine-
grained discrepancies that were never encoded in the orig-
inal pre-training. In contrast, DiT-Distill (87.2%) funda-
mentally differs by injecting external, generative knowledge
from the DiT teacher. This +4.2% lead over the strongest
PEFT baseline (ViT-LoRA) demonstrates that for open-set
fine-grained tasks, simply adapting discriminative features
is insufficient; transferring rich, constructive details from
a generative source is the key to breaking the performance
ceiling.

S3.2. Visualization of CDR-DiT

This supplementary is for Sec. 4.4 of the main paper.

Validating the Context Image: What Object to Look.
We first assess whether CDR-DiT can correctly identify
the object in the context image and generate an object-
centered image. As shown in Fig. S.3, CDR-DIiT takes a
context image as input and generates object-focused im-
ages (Fig. S.3 (b)) that highlight subtle visual discrepancies.
These results visually confirm that CDR-DiT successfully
identifies and preserves the object in the input image.

Validating the Attribute-Centric Textual Description:
What Inside the Object. We validate the attribute-centric
textual descriptions for CDR-DIiT by examining whether
they effectively guide the model to generate images con-
sistent with the descriptions. To evaluate this, we compare
CDR-DiT with a variant using mismatched textual descrip-
tions, CDR-DiT (Mismatched). As shown in Fig. S.3, with-
out accurate attribute-centric descriptions, the generated vi-
sual attributes are incorrect (e.g., yellow eyes or a yellow
beak with a red dot in the first row, Fig. S.3 (c)). These
visual results confirm that attribute-centric textual descrip-
tions convey the object’s characteristics to CDR-DiT.

S4. Limitations

Despite the strong performance of DiT-Distill, we acknowl-
edge two primary limitations.

First, the training overhead is significant. The CDR
refinement stage requires fine-tuning a 12B-parameter DiT,

which demands substantial GPU memory and time. How-
ever, it is worth noting that this is a one-time training cost;
our final deployed model remains lightweight and efficient
(DiT-free).

Second, our method currently relies on the high-fidelity
generation capabilities of state-of-the-art models like
FLUX [31] to source its Generative Curriculum Knowl-
edge. The effectiveness of distilling from smaller or less
capable generative models remains to be fully explored.

In future work, we aim to address these efficiency bot-
tlenecks by investigating distillation from lightweight dif-
fusion models and extending our “Generative Curriculum”
paradigm to other fine-grained tasks such as detection and
segmentation.
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