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Figure 1. PARTCONCEPTS. Cross attention maps of state-of-the-art diffusion models [24] reveal that they lack fine-grained part
understanding, shown in (a). To address this, we propose PARTCONCEPTS, a unified mechanism for fine-grained part localization (see b.)

and generation (see c.).

Abstract

While text-to-image (T2I) diffusion models exhibit strong
semantic disentanglement at the object level, they struggle
to localize fine-grained object parts. Although the latent vi-
sual features in these models are sufficiently fine-grained, the
text—image interaction (cross-attention) fails to effectively ex-
ploit this information. This results in coarse and ambiguous
localization, particularly for spatially distinct components
such as ‘left’ and ‘right’ limbs. To address this limitation,
we introduce, PARTCONCEPTS, a mechanism that encodes
textual part descriptions into compact, learnable representa-

tions. These PARTCONCEPT tokens are trained to selectively
attend to their corresponding part regions in the image. To
evaluate the part-level understanding of PARTCONCEPT
tokens, we first probe its effectiveness for part segmenta-
tion. We then evaluate whether the improved localisation
enables fine-grained instruction following in T2I generation.
On standard Open-Vocabulary Part Segmentation (OVPS)
benchmark, our method outperforms dedicated segmenta-
tion baselines, establishing a new state-of-the-art. We fur-
ther evaluate our method on the more complex Pascal-Part
benchmark for part instance segmentation which contains
fine-grained spatial annotations (e.g. ‘left lower arm’). Here,



we outperform all baselines by a very significant margin. Fi-
nally, our qualitative and quantitative results show that this
strong localization of PARTCONCEPT tokens directly en-
ables fine-grained instruction following in T2I generation:
the textual attributes (e.g., color) inherently bind well to cor-
responding PARTCONCEPT tokens, without explicit attribute
control mechanisms. This indicates that PARTCONCEPT
tokens compose seamlessly with other text tokens, highlight-
ing their applicability for fine-grained text-based generative
control.

1. Introduction

Text-to-image (T2I) diffusion models possess strong seman-
tic priors that enable precise generation and editing [2, 22].
Beyond generation, recent work [21] shows that multi-modal
Diffusion Transformer (mmDiT) [15, 41] cross-attention
maps can serve as competitive object-instance segmentors.
These results indicate that the diffusion latent space achieves
effective semantic disentanglement at the object level. How-
ever, since objects are fundamentally defined by their con-
stituent parts, any system aiming for part-level fine-grained
reasoning and precise generative control must rely on seman-
tic part-level representations. This raises a critical question:
Does the image-text alignment of diffusion models actually
extend to the part-level? Parts are uniquely challenging be-
cause quite often a single object contains multiple instances
of the same component (e.g., ‘left ear’ vs. ‘right ear’). Dis-
tinguishing these requires an understanding of object-centric
spatial organization: the relative positioning of parts within
the object’s own frame of reference [35, 54].

An investigation of the image-text attention maps for state-
of-the-art models like FLUX.2 [24] and CONCEPTATTEN-
TION [21] reveals that they are coarse and poorly localized
for fine-grained part descriptions (see fig. 1(a)). This poor
localization manifests as a failure in downstream instruction
following. As shown in fig. 1(c), even state-of-the-art models
fail to follow prompts targeting fine-grained parts. Hence,
we conclude that the image-text alignment in diffusion
models, while strong at the object level, does not persist at
the part level. To identify failure cause, we analyze FLUX.2
and make two key observations:

Observation 01. The latent visual features of diffusion
models are semantically very fine-grained, as evidenced by
their ability to support highly accurate fine-grained image-
to-image pointwise semantic correspondence tasks [16, 19,
33, 47, 54, 55]), with minimal training supervision.

Observation 02. The text-image interaction (cross-
attention) acts as a bottleneck; it fails to leverage the high-
resolution latent visual features, resulting in coarse attention
maps that cannot distinguish between spatially distinct parts
like the ‘left’ and ‘right’ limbs, see fig. 1(a).

These observations imply that while the latent features

possess sufficient resolution (01), the text-image interac-
tion acts as a bottleneck (02). Therefore, our core research
question is: can we improve text aligned part understand-
ing of a T2I model, while preserving its strong priors?
To address this, we introduce PARTCONCEPTS. Given a
text prompt, we encode each textual part description (e.g.,
‘right upper arm’) into a single PARTCONCEPT token em-
bedding: this results in a structured token sequence, e.g., ‘A
photo of an artist with PARTCONCEPT( ‘right upper arm’]
... , which is passed to the mmDIiT. During training, this
PARTCONCEPT token is optimized to attend to the corre-
sponding part region in the image, providing the fine-grained
grounding that base models lack. As we show in our results,
our proposed method effectively generalizes to novel part
phrases, object classes and prompts beyond what is seen in
the training data.

To evaluate the part-level understanding of PARTCON-
CEPT tokens, we first demonstrate our method’s effective-
ness for part segmentation. We then show that this strong
localization directly enables precise part-level attribute bind-
ing, thus providing fine-grained instruction following in T21
generation. Thus, our PARTCONCEPTSs provide a unified
mechanism for both visual grounding and generative con-
trol.

In the setting of part segmentation, we extract the part
segmentation maps directly from PARTCONCEPT attention
maps, using only a single forward pass through the mmDiT
network; this enables efficient inference without the need for
iterative sampling. PARTCONCEPTS outperforms dedicated
segmentation baselines on the standard Open-Vocabulary
Part Segmentation (OVPS) [52] benchmark, establishing
state-of-the-art. However, we find that OVPS is too coarse
for precise grounding: it typically removes spatial descrip-
tors and collapses distinct instances such as ‘left hand’ and
‘right hand’ into a single ‘hand’ instance. Therefore, we
evaluate for part instance segmentation using the original
Pascal-Part [5] benchmark, which retains these fine-grained
part instances and corresponding spatial descriptions. On
this more rigorous benchmark, our method significantly out-
performs all baselines and establishes a new state-of-the-art.

Finally, we utilize the effective localization of PARTCON-
CEPTSs to enable fine-grained instruction following in text-
to-image generation. We find that our localization-focused
training inherently enables the model to bind attributes to
specific parts, without a specialized architectural mechanism
for attribute control. For example, when provided with a
prompt such as ‘an artist with PARTCONCEPT[ ‘right upper
arm’] colored green ...~ (see fig. 1(c)), the model success-
fully binds the color attribute to the correct part region during
the generative process. These results demonstrate that PART-
CONCEPTs preserve the compositional nature of text space,
while maintaining the high-fidelity priors of the base T2I
generative model. Our model enables fine-grained instruc-
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Figure 2. Encoding textual part descriptions into PARTCONCEPTs. Given an input text prompt (left) with part phrases, our method
encodes these textual part phrases (e.g. ‘left ear’) into PARTCONCEPT embeddings, which are trained to attend to corresponding image
regions. We extend the text encoding in the base T2I model to encode the PARTCONCEPTS: the base T2I model uses intermediate text
encoder outputs (at layer L) for conditioning the mmDiT; we use three subsequent text-encoder layers (L+1, L+2, L+3) for forming our
PARTCONCEPT encoder. We only train a LoRA on these subsequent layers; this design ensures that the output PARTCONCEPT does not drift
too much from the text embedding space, thus preserving the T2I generative capabilities (see Sec. 4.3).

tion following to part descriptions not seen during training,
indicating its strong generalization and prior preservation.

2. Related work

Semantic concepts in text-to-image (T2I) diffusion mod-
els. Numerous studies have demonstrated that text-to-image
(T2I) diffusion models encode strong semantic priors. These
priors have also been shown to be effective for downstream
tasks such as semantic correspondence [14, 47, 55]. A line
of research works introduce learnable prompt tokens, and
optimize them to attend to specific visual concepts in the
image [1, 19, 20, 30]. However, these works require training
a separate embedding for new every visual concept, hence
not scalable. Further, the learnt prompt tokens are typically
not very composable with the text embeddings, hence re-
ducing their applicability for localized attribute binding in
T2I generation. A more scalable approach is to use the open
vocabulary priors of the T2I models for learning visual con-
cepts. Recent work, CONCEPTATTENTION [21] has shown
the applicability of mmDiT cross attention maps for object-
instance segmentation; however, it fails for fine-grained part
segmentation (see fig. 2(a)).

Part instance segmentation in images is a long stand-
ing problem in computer vision [13, 26, 29, 34, 45, 49, 56],
with various datasets proposed for this task [5, 18, 28, 43].
Among these, Pascal-Part [5] stands out for its fine-grained
part descriptions (e.g. ‘left ear’, ‘right front upper leg’).
Open-Vocabulary Part Segmentation (OVPS) [52] is the stan-
dard benchmark used by recent methods [8, 10, 27, 37, 40,
51]; however, OVPS is too coarse, as it removes spatial de-
scriptors and collapses distinct instances such as ‘left hand’
and ‘right hand’ into a single ‘hand’ instance. Among re-
cent works, LangHOPS [37] parses object hierarchies using
an MLLM to generate queries which are decoded into part-
level segmentation masks. PartCATSeg [10] introduces a
cost aggregation framework with a compositional loss and

structural guidance using DINO [4]. In contrast, our work
leverages strong priors of generative models using a simple
architecture to achieve fine-grained open-set part segmenta-
tion.

Part level instruction following in T2I generation.
Part level instruction following has been explored in prior
work [44], which uses self attention clustering followed by at-
tribute injection through cross attention. However, it assumes
image-text cross attention to be highly localized, which is
violated in many cases, especially for fine-grained part de-
scriptions. While there are works which focus on learning
part-level concepts from images, and compose them for cre-
ative generations [30, 39], they do not support text-based
instruction following, hence not directly relevant. Recent
work [12] uses learnable part concepts for localized image
editing. However, it requires an embedding optimization
procedure for every new part concept, hence not scalable.
Further, it can only enable editing in a provided reference
image. In contrast, our method directly enables instruction
following in text-to-image generation, which is challenging
due to absence of a reference structure.

3. Method

Given an input text prompt with part phrases (e.g., ‘left
ear’) (see fig. 2 left), our goal is to ensure that the part
phrases attend strongly to the respective part regions in the
image, enabling part-level localization and consequently,
fine-grained instruction following in T2I generation.

As observed in FLUX.2 cross attention maps fig. 1(a), the
part phrase is tokenized into discrete tokens, which attend
coarsely to disparate regions in the image. Spatial descriptors
in part phrase (‘left’, ‘right’, etc.) particularly have very
diffused attention maps. As a result, the part description as a
whole does not localize strongly to any specific region in the
image.

To address this, we encode the text embeddings corre-
sponding to each part phrase into a PARTCONCEPT embed-
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Figure 3. The localization objective. We pass the interleaved
text and PARTCONCEPT tokens see fig. 2) through the text branch
of the mmDiT model. During forward pass through the mmDiT,
we extract layer-wise cross attention maps of the PARTCONCEPT
tokens. These attention maps, along with clean input image are
decoded into precise part segmentation maps using a multi-scale
CNN decoder, trained using dice loss. The generative objective.
To preserve the generative capability of the T2I model, we also
include the flow loss (denoising MSE), enabling fine-grained part-
level instruction following in T2I generation.

ding of the same dimension (see fig. 2). This results in a
structured token sequence, where the discrete part phrase
tokens are replaced by corresponding PARTCONCEPT token
(see fig. 2, right). This token sequence is then passed into
the multi-modal diffusion transformer (mmDiT), along with
the noisy visual tokens (see fig. 3). To ensure that the PART-
CONCEPT embedding does not drift too much from the text
embedding space, we initialize the PARTCONCEPT encoder
with successive layers of the base T2I text encoder, and only
train a LoRA [23] over it (see fig. 2). Our parameter-efficient
training preserves generative prior of the base T2I model, as
discussed in Sec. 4.4.

The localization objective. Our aim is to ensure that the
PARTCONCEPT token attends to the correct part region in
the image. For this, we use Dice segmentation loss [38] to
localize the PARTCONCEPT attention maps in the correct
part region. A straightforward way is to apply the Dice loss
directly on the layer-wise PARTCONCEPT attention maps;
however, such an approach presents several limitations. First,
the attention maps in mmDiT are computed using the com-
pressed latents, hence they lack the resolution required for
dense part mask prediction at the original image resolution.
Second, directly using attention maps for downstream seg-
mentation is quite brittle, as it necessitates extra hyperpa-
rameters for attention map thresholding and layer selection.

To address this, we introduce a lightweight decoder, which
decodes concatenated layer-wise PARTCONCEPT attention
maps into a segmentation mask (see fig. 3 top-right). The
decoder consists of stacked convolutions and up-sampling
layers, followed by a sigmoid activation at the end. The
clean input image is also introduced at every resolution in
the decoder; this provides necessary cues for making precise
segmentation boundaries.

To infer part-level segmentation masks given an input
image and query part phrase(s), we first encode the query
part phrase(s) into PARTCONCEPT embedding(s), as shown
in fig. 2. Next, we encode the input image into the diffusion
latent space and add a fixed amount of noise to it. We pass
these noisy visual latents and the text tokens (the PARTCON-
CEPT tokens) into a single forward pass through the mmDiT,
extract PARTCONCEPT attention maps and decode them into
part segmentation maps (see fig. 3).

Preserving the generative capability. The setup de-
scribed above ensures strong localization of the PARTCON-
CEPT tokens to the correct part regions. However, to enable
high fidelity T2I generation, it is crucial that generative capa-
bility of the base model is preserved. Therefore, in addition
to the localization loss, we also include the flow loss (denois-
ing MSE), which preserves the generative model’s prior. The
final training objective is a weighted sum of the localization
and the flow objectives £ = Lgice + A - Low- We find that
the flow loss weight A establishes a tradeoff between genera-
tion quality and localization performance, further discussed
in Sec. 4.4.

Training dataset. To train our model, we leverage an
existing part-level segmentation dataset, Pascal-Part [5], con-
sidering its fine-grained annotations with spatial identifi-
cation of part instances. However, training on Pascal-Part
images presents a significant hurdle: the low resolution and
skewed aspect ratios of these images can degrade the high-
fidelity priors of modern generative models. To address this,
we apply an automated restoration technique using FLUX.2
for upsampling and outpainting the images, while preserving
the original annotations. Training on this enhanced dataset,
dubbed ‘Pascal Part SR’ (SR = Super-Resolution), ensures
compatibility with the high visual quality of state-of-the-art
generative models [24].

Attribute binding. While the mechanisms described
above ensure that generative capability of the base T2I model
is preserved, there is still one final requirement for accurate
part-level instruction following: the PARTCONCEPT tokens
must compose well with other text tokens. For instance, in a
prompt specifying different colors for the ‘right upper arm’
and ‘left lower arm’ (Fig. 1¢), the model must automatically
bind each attribute to its respective PARTCONCEPT. In other
words, the PARTCONCEPT embeddings should preserve the
compositional nature of the text embeddings. To achieve this,
we augment training prompts with part-level captions gener-



ADE20K [52]

PPS-116 [52]

PartImageNet [18]

Method

seen unseen h-IoU seen unseen h-IoU seen unseen h-IoU
VLPart [46] * * ® 42.6 18.7 26.0 * * *
ZSSeg+ [36] 432 27.8 339 544 19.0 28.2 * * *
CLIPSeg [32] 38.2 30.9 342 489 27.5 352 539 37.2 44.0
CAT-Seg [7] 33.8 259 29.3 43.8 27.7 339 473 35.1 40.3
PartCLIPSeg [9] 384 38.8 38.6  50.0 31.7 38.8 56.3 51.7 53.9
PartGLEE [27] 51.3 353 41.8 574 27.4 37.1 * * *
PartCATSeg [11] 53.1 47.2 50.0 575 44.9 504  73.8 71.5 72.7
LangHOPS [37] 49.3 49.7 495 592 46.5 52.1 71.9 73.7 72.8
Ours 53.4 61.9 57.3 65.0 49.7 56.3 754 70.6 72.9

Table 1. Zero-shot evaluation results. Our method outperforms dedicated segmentation baselines on Open-Vocabulary Part Segmentation

(OVPS) [52] benchmark, establishing state-of-the-art.

PartlmageNet  PartImageNet —

Method (OOD) [18] PPS-116 [52]

Unseen Unseen
CLIPSeg [32] 55.86 14.87
CAT-Seg [7] 39.12 12.50
PartCLIPSeg [9] 59.16 19.86
PartCATSeg [11] 66.15 22.88
Ours 67.30 30.00

Table 2. Cross-dataset evaluation results. We consider two
settings: PartlmageNet (OOD) [18] and PartlmageNet (train) —
PPS-116 [52] (eval).

ated by passing cropped image regions through a VLM [53].
Notably, this augmentation implicitly enables attribute bind-
ing in T2I generation, without explicit architectural mecha-
nisms for attribute control.

4. Experiments

We first evaluate our method’s effectiveness on part-level
localization using the standard part segmentation [52]
(Sec. 4.1) and part instance segmentation [5] benchmarks
(Sec. 4.2). We then show that the proposed PARTCONCEPTS’
strong localization directly enables fine-grained part-level
instruction following in T2I generation (Sec. 4.3). Note that
we use the Pascal-Part SR data (Sec. 3) only for experiments
on T2I generation (Sec. 4.3); for part segmentation we train
on the respective benchmarks only.

4.1. Open vocabulary

(OVPS) [52]

Implementation and training details. We use FLUX.2
Klein 9B [24] as the base model for all experiments in this
paper. For the PARTCONCEPT encoder, we train a LoORA
(rank 128) over the text-encoder layers (see fig. 2). Addi-
tionally, we train a smaller LoRA (rank 4) for the mmDiT,
following standard practice. We train the models until con-
vergence, at batch size 16, using default optimizer settings

part segmentation

Pascal-Part (org.) [5]

Method

seen unseen h-IoU
PartCATSeg [11] 33.2 35.5 34.3
LangHOPS [37] 384 38.7 38.5
Ours 55.2 54.2 54.7

Table 3. Fine-grained part instance segmentation, with spatial
identification of part instances (e.g. ‘left lower arm’).
from HuggingFace Diffusers [50].

Datasets and evaluation. Following OVPS [52], we
evaluate two setups: zero-shot, where train and test cate-
gories do not overlap, and cross-dataset, where evaluation
is performed on a dataset different than the one used for
training, hence testing OOD generalization. In the context of
zero-shot part segmentation, we use Pascal-Part-116 (PPS-
116) [52], ADE20K-Part-234 [52] and PartImageNet [18]
datasets. Following [10], we evaluate cross-dataset trans-
fer for 1) PartimageNet (training) to PPS-116 (evaluation),
and 2) PartImageNet (OOD), a split of the PartImageNet
dataset which was proposed originally for few-shot part seg-
mentation [18]. Similar to [37], we use the oracle-object
setting [52], where ground truth object segmentation and
class are provided. Following prior work [8, 10, 37, 52], we
use the IoU metric, reported for both seen and unseen cate-
gories separately, as well as their harmonic mean (h-IoU).

Baseline comparison. We compare against standard
part segmentation baselines; recent works include PartCAT-
Seg [10] and LangHOPS [37]. Evaluation results are pre-
sented in Tab. 1 (zero-shot) and Tab. 2 (cross-dataset). Our
method outperforms dedicated segmentation baselines in
almost all categories, establishing state-of-the-art. We visu-
alize segmentation results in fig. 8.

4.2. Fine-grained part instance segmentation [5]

While our method is competitive on (OVPS) [52] benchmark,
we find that the OVPS suite is too coarse for precise ground-
ing: it typically removes spatial descriptors and collapses
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.. left armrest: plated with gold ...
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Figure 4. Qualitative results for part-level instruction following, with PART CONCEPT attention maps. Our method is able to disambiguate
spatial identifiers in part descriptions, (e.g., ‘left front wheel’). Notably, PARTCONCEPTs generalize to novel part phrases; specifically,
armrest, left front wheel and wrist are not seen in our training data, indicating strong generalization. Even in case of multiple parts, the
attributes are correctly bound to respective PARTCONCEPTS; this demonstrates that PARTCONCEPT embeddings preserve the compositional

nature of text embeddings.

distinct instances such as ‘left hand’ and ‘right hand’ into
a single ‘hand’ instance. Therefore, we evaluate for part in-
stance segmentation using the original Pascal-Part [5] bench-
mark, which retains these fine-grained part instances and
corresponding spatial descriptions. On this more rigorous
benchmark, our method significantly outperforms dedicated
perception baselines and establishes a new state-of-the-art.
We visualize segmentation results in fig. 8.

4.3. Fine-grained instruction following

Implementation and training details. We use the same
settings as described in Sec. 4.1. Additionally, to preserve
the generative capability of the base T2I model, we set the
loss balancing coefficient A = 0.25 ( Sec. 3).

Evaluation dataset and metrics. For evaluation, we
construct an evaluation set of 500 text prompts with fine-
grained part-level instructions. For this, we utilize the text
labels in Pascal-Part dataset: for each example, we ran-
domly sample a part label (from the exhaustive list of labels
provided by Pascal-Part), introduce a randomized instruc-
tion, such as ‘stain with {color}’ to make a text prompt.
The resulting text prompts follow the template ‘a photo of
{class_name}, with {instruction}’. We use this
dataset to quantitatively evaluate our method for parz-level
instruction following along two axes: 1) spatial localization
(is the attribute applied to the correct part?) and 2) attribute
following (is the attribute correctly followed?). Spatial lo-
calization is difficult to evaluate using current text-based
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Figure 5. Qualitative comparisons. Our method exhibits strong
spatial localization, while baselines frequently struggle, failing to
disambiguate spatial identifiers in part descriptions (e.g., ‘left back
wheel’, ‘right ear’, etc.).
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Figure 7. Ablations. B. LoRA on the PARTCONCEPT is crucial for
preserving generation fidelity. C. Training prompt augmentation
using VLM captioning improves attribute binding.

grounding models [3, 6, 31], due to their lack of fine-grained
part understanding [37]; hence we perform a user study for
measuring spatial localization. The study consists of A/B
type binary choice questions. Overall, we collect 2040 re-
sponses from 40 users. For measuring attribute following, we
use CLIP [42] similarity between text prompts (containing
the attribute) and generated images.

Baselines. We compare our method against our base T2I
model FLUX.2 Klein [24], Nano Banana 2 [17, 48], and
FLUX.1 [dev] [25].

Qualitative results. As shown in fig. 4, the PARTCON-
CEPT strongly localizes to correct part regions, shown by
the sharp attention maps, while preserving T2I generation
fidelity. Our PARTCONCEPT encoder exhibits strong general-
ization to novel part phrases (e.g., armrest, left front wheel,
wrist (fig. 4) and handle, tyre (fig. 5) are not present in our
training data). Further, our method effectively leverages
the T2I generative prior to generalize to arbitrary attributes:
none of the shown part attributes in figs. 4 and 5 were seen
in our training data. Notably, correct attribute binding even
in multi-part scenarios (third row, fig. 4) demonstrates that
PARTCONCEPT embeddings preserve compositional nature
of text embeddings.

Baseline comparison. Model CLIP sim.
We present qualitative
comparisons (see fig. 5), FLUX.1 21.25
user study (see fig. 9) and EI;B;z ;2(5)3
CLIP evaluation (see Tab. 4). UX. )
Ours 25.00

The qualitative results and
the user study highlight that
our method exhibits strong
spatial localization, while
baselines consistently fail to
disambiguate spatial identi-
fiers in part descriptions (e.g.
‘left front leg’, ‘right ear’).
Further, FLUX.1 [25] fails
to localize the attribute; in-
stead, it applies the attribute
to the entire object or image
(fig. 5(D)). The CLIP scores
demonstrate that our method
is competitive in attribute
following compared to the
base models. Interestingly,
FLUX.2 has higher CLIP
score than all other models; this is because the generated
images zoom in to the specific part mentioned in the prompt
(see fig. 5 2-4B); as a result, the generated attribute is
much more prominent, but with low spatial localization
accuracy, highlighted in fig. 9. Ultimately, our method
enhances part-instance understanding of the base T2I model
(FLUX.2);

Table 4. CLIP similarity
score. Evaluation of at-
tribute following.

79.50 71.09 82.35

Ours FLUX.2

Nano Banana 2 FLUX.1

Figure 9. User study. Evalu-
ation of part-level spatial lo-
calization.

Loss Curves

4.4. Ablations

0.9 — bs=2
We validate our ap- " -
proach through several 808 - — bs=16
ablative  experiments. 8 B==re
First, the flow loss 2%
weight (\) balances lo- 06 -
calization and denoising 0 20000 40000
objectives during train- Steps

ing (see fig. 6). We find
that A dictates a tradeoff
between generation
fidelity and attribute
binding (see fig. 06);
low values degrade the
generative prior, causing
visual artifacts, while
high values reduce
localization  pressure,
leading to attribute leakage.
Second, LoRA finetuning for PARTCONCEPT encoder
(see fig. 2) is critical; full fine-tuning causes significant
visual artifacts (highlighted with red boxes in fig. 7(B)),

Figure 10. Effect of increasing
flow loss weight (\). Flow loss
preserves the generative prior;
low flow loss weight fails to pre-
serve the generative prior, caus-
ing visual artifacts (left), while
higher values fail to ensure strong
attribute binding, due to reduced
localization pressure.
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Figure 8. Qualitative comparison. Our method outperforms all baselines on various benchmarks, establishing state-of-the-art. Notably, we
are significantly better for part instance segmentation [5], effectively disambiguating spatially distinct part instances like ‘left lower arm’

and ‘right upper arm’.

as PARTCONCEPT embedding drifts too much from the
text space, disrupting the T2I prior. Third, our VLM-based
prompt augmentation is essential for attribute binding;
without it, the training lacks incentive to associate specific
attributes with PARTCONCEPTs, as shown in fig. 7(C).
Finally, we find batch size significantly impacts localization
performance. Unlike standard FLUX.2 [24] fine-tuning
scripts [50] that use small batches, our localization loss
trajectories significantly improve with larger batch sizes
(fig. 10, we also expect improvements with scaling).

5. Limitations

Despite its effectiveness, PARTCONCEPTS faces two primary
limitations. First, scaling beyond four part-attribute pairs
occasionally causes attribute leakage, even when spatial lo-
calization is accurate. This likely stems from a distributional
shift, as prompts with more than four attributes are out-of-
distribution (OOD) relative to our training data. Second,
while we provide a unified mechanism for segmentation and
T2I part-level control, the best-performing loss weights (\)
differ for each task. This reflects a slight trade-off between
discriminative grounding and generative prior preservation.
Future research should try to mitigate this gap by designing
the model in a way that it leads to optimal discriminative
localization capabilities without having any tradeoff on gen-

erative prior preservation.

6. Conclusion

This work stems from observing that while T2I cross atten-
tion maps are strongly disentangled for objects, however
this semantic clarity collapses at the part-level, particularly
for spatially distinct part instances (e.g., ‘left front leg’ vs.
‘right front leg”). We identify the bottleneck as text-image
interaction (cross attention) rather than the visual feature
resolution. Hence, we propose a lightweight mechanism to
correct this: encoding part phrases (e.g. ‘left front leg’) into a
compact representation: the PARTCONCEPT tokens, trained
for spatial grounding. Our approach effectively leverages the
base T2I's generative priors to achieve state-of-the-art perfor-
mance on various part (instance) segmentation benchmarks,
outperforming dedicated perception baselines. We further
show that this effective localization directly enables robust
attribute binding and fine-grained instruction following in
T2I generation. These results demonstrate the effectiveness
of the proposed approach for improving part-level under-
standing of generative models.
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