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Abstract

Real-world objects are composed of distinctive, object-specific parts. Identifying
these parts is key to performing fine-grained, compositional reasoning—yet, large
multimodal models (LMMs) struggle to perform this seemingly straightforward
task. In this work, we introduce PARTONOMY, an LMM benchmark designed
for pixel-level part grounding. We construct PARTONOMY from existing part
datasets and our own rigorously annotated set of images, encompassing 862 part
labels and 534 object labels for evaluation. Unlike existing datasets that simply
ask models to identify generic parts, PARTONOMY uses specialized concepts (e.g.,
agricultural airplane), and challenges models to compare objects’ parts, consider
part-whole relationships, and justify textual predictions with visual segmentations.
Our experiments demonstrate significant limitations in state-of-the-art LMMs (e.g.,
LISA-13B achieves only 5.9% gloU), highlighting a critical gap in their part
grounding abilities. We note that existing segmentation-enabled LMMs (segment-
ing LMMSs) have two key architectural shortcomings: they use special [SEG]

tokens not seen during pretraining which induce distribution shift, and they discard
predicted segmentations instead of using past predictions to guide future ones.
To address these deficiencies, we propose PLUM, a novel segmenting LMM that
uses span tagging instead of segmentation tokens and that conditions on prior
predictions in a feedback loop. We find that pretrained PLUM outperforms existing
segmenting LMMs on reasoning segmentation, VQA, and visual hallucination
benchmarks. In addition, PLUM finetuned on our proposed Explanatory Part Seg-
mentation task is competitive with segmenting LMMs trained on significantly more
segmentation data. Our work opens up new avenues towards enabling fine-grained,
grounded visual understanding in LMMs. The code and data are publicly available
at: https://github.com/AnselBlume/partonomy

1 Introduction

Real-world objects can be decomposed into distinctive parts. A banana boat (Fig. 2), for instance,
consists of a seating tube, a handle, a hull, and an inflation valve. Such parts characterize each concept,
differentiating one object from another. The ability to recognize and distinguish between parts is an
important element of holistic object understanding, with applications ranging from explainable object
recognition [3, [16} 28] [8], 58], to part-based novel concept design [[10], and robotic manipulation
[52, 130, [14]. Decomposing objects into their key building blocks allows models to reason about
objects at a granular level [[16, 29], allowing for more complex and nuanced interactions.

Unfortunately, Large Multimodal Models (LMMs), the backbones of today’s multimodal systems,
lack strong part recognition abilities [[16} 29} 33]]. While they perform well on visual reasoning
[43L[13]/42] and visual hallucination tasks [23]], we find that they are unable to accurately identify
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Figure 1: ThePARTONOMY dataset evaluates LMMs' part understanding througtBkxganatory

Part Segmentatiotask. Given an input image, a segmentation-enabled LMM selects a textual
explanation and generates part segmentation masks which serve as textual and visual rationale for its
answer choice. Our question-answer mutation framework generates challenging answer choices by
predicting part co-occurrence and by selecting parts from confusable objects.

object parts in an image, occasionally regurgitating object parts memorized from text-only pre-training
(e.g. “a sh must have a n”). Worse, LMMs that can generate segmentation masgsjenting
LMMs [[19, 137, 141, [49], lack the ability to ground these ne-grained regions despite being trained
on part segmentation data. This severely limits LMMs' utility in real-world scenarios that require
ne-grained, part-level understanding.

To quantify the part recognition abilities of LMMs, we propdaeplanatory Part Segmentation a

task that assesses LMMs' ability to recognize object parts, associate objects with their distinctive
parts, and use these grounded parts to predict object labels. We then intRedRiceNoOMY , a
comprehensive benchmark for tB&planatory Part Segmentatidask. We construdPARTONOMY

from existing part segmentation datasét¥ [7,[35] and our manually-annotated evaluation dataset of
1K specialized object-centric images with complex part annotations. This seasatpyNoOMY -Core,
contains 862 distinct part labels—more than any existing part datgsets (Table 1).

We then note two shortcomings of existing segmenting LMMs' architecti@s3[7, 41]. First, they

always rely on specidSEG] tokens not seen during pretraining, potentially hindering downstream
performance by introducing distribution shift. Second, these segmenting LMMs discard their predic-
tions after each output, missing the opportunity to incorporate prior information contained by the
masks they predicted during the decoding process. This design is in contrast to modern generative
frameworks, which condition future predictions on past od&s44]. Based on these observations,

we proposePLUM, a Part evel Understanding LNWI. PLuM uses a text span tagging module

to avoid special segmentation tokens that induce distribution shift from the pre-trained LLM, and
employs a mask feedback mechanism to condition on past predictions (Section 4). Our results show
that pretrainedPLUM retains its general reasoning abilities far better than other segmenting LMMs,
achieving stronger zero-shot segmentation performance and competitive netuned performance to
models trained on signi cantly more segmentation data.

2 Related Work

Reasoning in Large Multimodal Models Reasoning capabilities in Large Language Models
(LLMSs) uncovered by prompting techniques such as Chain-of-Thought (&AT)18] have led to
increased interest in their application to LMM&1] 55, 12]. Previous work shows that reasoning
abilities of LLMs allow them to generate textual rationales given image inputs, allowing them to
handle complex visual reasoning tasks such as A-OKV@A &nd ScienceQA31]. Nonetheless,
LLMs' output space is con ned to text, limiting their spatial understanding and often leading to
hallucinatory text output2p]. While recent efforts on visual compositional reasoning attempt to
mitigate the gap between the text and image modalities in LMBAs5, 32] by using external
modules such as object detectdkdr code interpretersdp], most attempts don't truly re ect the
innate visual reasoning capabilities of LMMs. Our proposed model and a recent line of LMMs



Figure 2: An example of PLUM's part understanding compared to recent segmenting LMMs trained
on part data.

[19, 37, 41] try to accomplish this by interleaving textual and visual rationale generated through
segmentations.

Segmentation-Enabled Large Multimodal Models LMMs such as LISA 9] and GLaMM [37]

have demonstrated the ability to generate text and grounded segmentation masks. Despite being
trained on part-level segmentation datasets such as PAg@ijd Pascal-Par®], they struggle to

exhibit a part-level understanding of visual concepts. While they demonstrate the ability to understand
complex textual instructiond p, 37, 41, 53], current LMMs fail to relate concept-indicative parts to

their wholes, as shown in Fig. 2. Frequently, they fail to generate the specialized segmentation token
(e.g.,[SEG]) added to their vocabulary, leading to no masks being generated for the parts. Even
state-of-the-art LMMs that seemingly “reason” struggle to establish attributive relationships between
objects and parts, implying that current models and datasets lack the coverage and capacity to handle
complex part understanding and grounding tasks. This observation motivates the proposal of our new
Explanatory Part Segmentation task, which requires LMMs to segment objects’ parts (i.e. producing
visual rationale) while generating the corresponding text rationale.

Part Semantic Segmentation Part segmentation is the task of decomposing objects into their
constituent parts through segmentation [7, 56, 57, 11, 35]. While this task has been studied in open-
vocabulary P4, 25, 59, 40] and multiple segmentation task&(], no existing work has evaluated
LMMs' ability to segment objects' “concept-indicative” parts—those that help de ne the object
category. In fact, most recent efforts on segmentation-enabled LMMs focus on concept labels or
referring expressions[], ignoring part segmentation altogether. MARTONOMY dataset, which
includes our manually annotatEBARTONOMY -Core evaluation set, integrates existing part-level
segmentation datasets such as PAGE §nd Partimagenetfl] to further the part and object-level
diversity of our benchmark.

3 PARTONOMY : A Dataset for Explanatory Part Segmentation

3.1 Task Overview

We motivate our task de nition by characterizing a model with part understanding. First, such a
model should be able tdentify parts. Given an image of an object, the model can list visible parts

and ground them in the image. Second, this model should be abtertpare and associate object

parts. It recognizes that both dogs and tables have legs, despite their difference in form. On the
other hand, it understands that a passenger plane and a biplane both have wings, but that the biplane's
double wings are a feature that distinguishes it from other aircraft. Finally, this model should be able
to use its part knowledge faredict object labels based on their parts Identifying a key feature,

like a large scope, suggests to the model that a ri e is likely a sniper rather than assault ri e.

To evaluate these elements of part understanding, we de néxpknatory Part Segmentation
task. In this task, a model is provided with an image and a question about an object's parts (e.g.



Table 1:Comparison between part segmentation datasety.indicates usage iRARTONOMY . “C”

refers to common objects (e.ghair , airplane ), “O” to organisms (e.gdogs, snake), and “S”

to specialized objects (e.mtersecting lines , highway mapfighter jet ). PARTONOMY -

Core has over three times as many object labels and four times as many part labels as the widely used
PACO dataset, has more part labels than PartimageNet++ (which has twice as many object labels),
and contains specialized object parts annotated on object-centric images.

Datasets # Object Labels # Part Labels # Object-Part Labels # Images # Seg. MaskssD bjfrﬂ;gggmc E?O%e;ih
PASCAL-Part 20 30 193 10,103 111,960 7 C,0
PartimageNé&t 158 14 14 24,000 112,000 3 C,0
PartimageNet++ 1000 818 3,308 100K 406.4K 3 C,0
PACO 75 200 456 84,027 641,000 7 C
PARTONOMY -Core 534 862 1,976 1,068 4,968 3 C,0,S
PARTONOMY 606 975 2,507 74,500 407,101 3 C,0,S

“What visible parts does the agricultural plane in the image have?” Fig. 1). The model must then
select the best response and generate segmentation masks for the corresponding parts to explain
its selection (e.g. “The agricultural plane has wings, a propulsion component, and a spraying rig”).
Motivated by our characterization of part understanding, we de ne three classes of questions (Fig. 1):

Part Identi cation questions ask the LMM to identify then segment an object's visible parts. These
guestions test LMMs' ability to recognize and ground parts without hallucination.

Part Comparison questions ask the LMM to identify an object's visible parts and compare or contrast
them to the parts of another object. These questions test models' knowledge of objects' common
parts. Concretely, R, andPc be the parts of an object in the image and the parts of a separate
comparative concept. We de ne two subtasks:

* Part Intersection The model is asked which visible parts the object in the image has in
common with a speci ed query concet, \ Pc, then segments them.

« Part Difference The model is asked which visible parts the object in the image has which
the query concept does nét, n P, then segments them.

Part-Whole Reasoningasks the LMM to identify an object or its parts as a consequence of the other.
These questions assess whether the model can apply its part knowledge to identify objects, or use an
object to identify its parts. Subtasks include:

 Part-to-Whole The model is asked to identify and segment an object's visible parts, and
based on the predicted parts, determine the object label.

» Whole-to-Part The model is asked to identify the object in the image, and based on the
predicted object, identify and segment its visible parts.

The subtasks assess decomposable object recognition, where an object and its parts each provide
evidence for the other's identity.

3.2 Dataset Construction

We introduce thd>PARTONOMY dataset to facilitate training and evaluation Bxplanatory Part
SegmentationPARTONOMY consists of three training and evaluation subse®aRTONOMY -PACO,
PARTONOMY -PartimageNet, anBARTONOMY -PASCAL Part—which are constructed from their
respective datasets' part annotatio85, [L1, 7]. We further contribute an evaluation-only subset of
1K images of domain-speci ¢ objects, which we teRARTONOMY -Core.

PARTONOMY -Core Construction. To construct thd>ARTONOMY -Core ontology, we start from
broad object categories containing decomposable objects—for exaairplanes garden tools
weapons andboats(details on dataset construction in the Appendix). We then manually select
objects which provide category coverage and which have readily identi able parts.

With object classes selected, we use the Bing search API to download a preliminary set of object
images, and prompt an LLM (Llama 2-70B7]) to generate part names for each object which are
visible andspeci c to that object or category. We manually review each object's assigned parts,



removing those which are not outwardly visible or are not commonly found on the object. Part
annotation proceeds using a combination of CVAT.Al and a mask annotation interface we developed
to streamline the annotation process from multiple annotat®arts are further re ned and pruned
during the annotation process depending on their visibility and frequency.

Explanatory Part Segmentation Data Generation Pipeline. Our Explanatory Part Segmentation

data generation pipeline is applicable to any part dataset containing object names, part segmentations,
and part names. We start with the ground truth set of object parts for each image and format these in
natural language as the parts the model must identify and groun®afo€omparisorguestions,

we sample a separate object class with parts in common with those in the image, then intersect (for
Part Intersection) or subtract (for Part Difference) its parts to form the ground truth set of parts.

After constructing the answer choice with the ground-truth parts, we create incorrect answer choices
for each question. We adopt amswer mutatiorframework to generate plausible, challenging
wrong answers. For a set of ground truth parts, we repeatedly apply mutation operations which add,
remove, or replace an existing part. This process keeps wrong answers close to the original to require
deep part understanding of the evaluated model. Instead of randomly sampling parts for mutation
operations—which could result in unrelated part additions (e.g. “The airplane in the image has wings,
a row of windows, and an ice cream cone”)—we select those most related to the existing parts and
object. We train logistic regressors on part co-occurrence to predict likely parts given the current set
of parts, and restrict wrong answer parts to those from the same object category, if available (e.g.,
wrong parts for an airplane come from other airplanes' parts). Challenging wrong object answers for
Part-Whole Reasoninguestions are sampled in a similar way, selecting objects with high semantic
similarity to the ground truth object as measured by word embeddings (we use Sentence Transformers
[39] to measure similarity).

Differences from Existing Datasets. PARTONOMY is the only part segmentation dataset designed

for use with VLMs, testing not only part identi cation but also part reasoning and grounding. The
data generation pipeline's extensibility and capacity to generate challenging questions serve as an
important asset for future part-based pretraining and evaluation.

PARTONOMY -Core has, to our knowledge, the most part classes of any part segmentation dataset,
with four times the number of part labels of the widely used PACO dat&8gthd more part

labels than PartimageNet+23] which has twice as many object classes. It has object-centric
images for consistent evaluation, unlike datasets like PACO, which frequently have partially occluded
objects.PARTONOMY -Core is lightweight to evaluate on, with only 1K images, but covers a wide
range of concepts with balanced instances (2 images per object), more than any dataset other than
PartimageNet++. These qualities, coupled VERTONOMY -Core's use of technical domains with
highly-speci c objects (e.qg., electric coffee grinder, city map, and combat drone), make it a unique
contribution for part segmentation evaluations.

3.3 Evaluation

Explanatory Part Segmentation requires models to choose the correct textual response and segment
parts in the image.

Text Evaluation To evaluate textual part predictions, we prefer a multiple choice over a generative
setting to avoid ambiguities in phrasing—e.g., where the model identi es a clip but the annotations
list the part as a clamp—and incomplete part annotations, e.g., where the model identi es a valid
part that isn't annotated. We provide the model with one correct and four incorrect answer choices.
Incorrect choices either include non-visible parts or lack visible parts present in the correct response.
We select the predicted answer choice via language modeling probability, as is common in VQA
[2, 21]. For Part-Whole Reasoning questions, we select an answer choice twice in sequence: once to
predict the set of parts, and once to predict the object.

We evaluate answer selection via accuracy (rando20% for 5 answer choices) for both part
prediction (all questions) and object prediction (Part-Whole Reasoning questions). However, some
wrong answer choices are better than others. Precision and recall capture the similarity of the
predicted parts to the ground truth set, and we adopt these as more ne-grained measurements of part
recognition by the LMMs.

2This interface and the dataset generation pipeline will be released to facilitate future dataset construction.



Figure 3:0Overview of PLuM . PLUM is not dependent on special tokens (esGEGpadded during
netuning to generate segmentation maskRsuM uses a bidirectional span extractor that automati-

cally determines which tokens should be passed to the mask decoder to generate segmentations. A
feedback loop based on SAM's mask decoder enaPlesv to condition future segmentations on

those past.

Segmentation Evaluation We evaluate part segmentations via gloU (global IoU), which measures
the average loU over part annotatiod®,[37]. micro-gloU averages part loUs over all masks in

the dataset, measuring how well the model segments the most commomparitsgloU averages

part loUs for each image, then averages these image loUs over the entire dataset. This metric is less
affected by common parts, measuring how well a model segments parts in general.

4 PLUM: Part-Level Understanding LMM

Shortcomings of LMMs on Part Understanding We nd that existing LMMs are unable to accu-
rately identify parts in an image. Even segmenting LMNIS, [37, 41] trained on part segmentation
datasets such as PACBH and Pascal-Par¥] exhibit poor performance on part-level segmentation
(Fig. 4 and Table 2). We identify two key architectural de ciencies of segmenting LMMs: (1)
They rely on special tokens for segmentation (5G] or <p></p>). These tokens are not seen
during pretraining, so we hypothesize that their addition to the vocabulary and subsequent netuning
perturbs models' original token distributions (Table 5). (2) They discard prior mask predictions when
segmenting in sequence, conditioning only on past text during generation. Incorporating prior mask
predictions would likely help maintain consistency and better localize future predictions (Fig. 5a).

Proposed Method Based on these observations we propBsem, a segmenting LMM with
part-level understandind?LumM consists of a vision-language model (initialized from LLa\28])
which takes image and text inputs, along with a mask decoder (initialized from SAM's deddfler [
that generates segmentation masks.

We process these embeddings along two complementary pathways: 8p#ameExtractor, a
bidirectional self-attention block that tags beginniBj, (nside (), and outside®) [36] positions
of tokens to segment, and (ii) a projection head that ni&lpgmbeddings into “mask queries,”
regularized by KL divergence. An overview is given in Fig. 3.

Token-level Query Selection $pan Extracto) The Span Extractorenables the selection of
segmentation-relevant text spans to pass to the mask decoder without the use of a dedicated seg-
mentation token. Given the last-layer token embeddftgglL, , we apply a two-layer token-wise

MLP before infusing global context by passing the embeddings through a bidirectional Transformer
encoder block. This bidirectional attention is critical for reliable BIO span tagging, as otherwise the
LLM's causal masking prevents embeddings from seeing future context. A nal projection layer
maps these contextualized embeddingBRol; O g logits. We train the span extraction module

using cross entropy lodsspanwhereB; | tags correspond to part names to segment.



During inference, contiguolB! | chains are greedily merged to form text spans that are projected
into segmentation queries. Note, we also enable usd?siof to override the automatic tags with
manual span selection, enabling interactive, interpretable “highlight-to-segment” behavior.

Query Projection with KL Constraint LetS = f(is;js)gg;1 be the set of contiguolB ! |

spans produced by the span extractor, whegendj s are the start and end token indices of span
andN; = jSj is the total number of such spans in the sequence. For every sparkt@kpg; j <]

we obtain a “mask-query” vectag = g(hk) 2 R™, with g( ) a learned MLP projection. To keep

the span representations close to the pre-trained backbone VLM's manifold, we pool the last-layer
embeddings of each spaand impose a Gaussian KL penalty against the corresponding frozen
P Loooq 2 . ) .

teacher embeddinﬁ;s:js: L. = Ni sN;l % This term is applied only t&/l spans,
preventing their hidden states from drifting away from the original language-representation space and
thereby preserving the VLM's textual reasoning ability.

Mask Feedback Loop To incorporate previously predicted masks into the mask decoding process,
we inject feature-wise linear modulation (FiLM34] layers into the SAM decoder's mask encoder

(Fig. 3). These layers allow us to encode the mask while conditioning on prior text spans, providing
semantics beyond a raw binary mask. We use this modi ed mask encoder to encode each prior mask
into a stack of text-enhanced feature maps. The stack of feature maps is pooled into a single feature
map via patch-wise attention pooling (over the stack dimension), with a learned feature map providing
an attentional query for each patch. This pooled feature map representing all prior predicted masks is
fed into the mask decoder (along with the pooled text embeddings) to generate the next mask.

Segmentation Mask Generation Tagged token embeddings are average pooled and passed to
the mask decoderpgenerating a misk With ground-truth mask; we adopt the Focal-Tversky
loss [, Lseg= ﬁ V60 Ler(My; l\ﬁi). Focal-Tversky loss is a generalized version of the DICE
loss [45]. This gives the overall objective equallto= Ly + 1lspant 2Lk + 3lsegt 4slgce
whereL |y is the standard language-generation losslaggk is per-pixel binary cross-entropy as
adopted from19]. The BIO head precisely extracts segmentation spans, while the Focal-Tversky
loss, biased toward recall €0:7) and precision (=0:3), encourages sharper, high-loU masks at
ne-grained image regions. For additional details on the hyperparameter setting, refer to 8A.1

5 Experiments

Implementation Details We use a pre-trained LMM, LLaVA-7B, and LLaVA-llama2-13Bg]

as backbones for PLUM (Sec. 4). PLUM follows the consecutive two-stage netuning process: (1)
PLUM is rst netuned with a randomly sampled mixture of PACO-LVISY], Pascal Parts{],
PartimageNet11], COCO-Stuff b], ADE20k [56], the RefCOCO line of dataset&q], a VQA
dataset from LLaVAl{fava_instruct_150k ), and a Reasoning Segmentatidf][dataset. This
setting is similar to the previous line of segmentation-enabled LMIMs37, 41], and we refer to

the stage-1 checkpoint of PLUM as the zero-shot (or pretrained) baseline throughout this paper. (2)
To further netune PLUM on oulPARTONOMY training dataset, we takeARTONOMY -PACO,
-PartimageNet and -PascalParts to construct a training split and a validation split. Note, we do not
use thePARTONOMY -Core split as training data and use it only as evaluation data. We refer to the
Appendix for additional details on the hyperparameter settings and training details.

Baselines To evaluate PLUM's proposed changes, we use LI$%,[GLaMM [37], and PixelLM
[41] as our primary baselines. All of these models use LLaVA as the base LMM and use SAM-style
decoders to generate segmentation masks [28, 17].

For segmentation, we also evaluate X-Decoder, SEEM, and Grounded SAM 2 as general open-
vocabulary segmentation mode&9[ 60, 40, 38]. As they do not understand question-based prompts,

we provide them with the ground truth (gt) parts to segment individually. We also include SegLLM, a
segmenting LMM based on LLaVAv1.5 and HIPIE7, 50]. HIPIE is a decoder built for multi-scale

and part segmentation, and SegLLM is trained to perform multi-round segmentation on parts, allowing
it to refer back to previously predicted masks. The similarity of this mechanism to our feedback loop
motivates us to include SegLLM as a baseline, despite the imperfect comparison due to its use of a
newer LMM and different mask decoder.

3We use mean pooling; any differentiable pooling operator is admissible.



Figure 4: Performance (micro/macro gloU) BaRTONOMY validation splits.

For text evaluations, we includerandombaseline (which randomly selects answers) to situate

the models' part precision and recall. GPTt4a frontier model, provides an upper bound on
performance. GPT-40 has an advantage as it must be provided with all four answer choices at once,
allowing it to take advantage of shortcuts not available to the other models (like identifying the base
answer from which the wrong answer choices are generated).

5.1 Explanatory Part Segmentation

Part Identi cation and Comparison Questions In Table 2, PLUM outperforms LISA and GLaMM

on all three part-segmentation question types in the zero-shot setting. We attribute this gain to (i)
span-level constraints that keep pre-trained textual semantics intact and (ii) our mask-feedback loop,
which re nes each mask using its visual history. By contrast, Table 3 shows only marginal gaps in
text-only metrics (P, R, Acc.)PARTONOMY 's answer choices intentionally contain extensive lexical
overlap, demonstrating the language models' dif culties in comparing similar answer choices.

Table 2:Explanatory Part Segmentation's segmentation performance (gloU) ofPARTONOMY -
Core. “ft” = ne-tuned on Partonomy; “gt” = OV segmentation models given ground-truth answers.

Part2WholeandWhole2Partscores are reported only for part prediction.

Methods Identi cation  Intersection Difference Part2Whole Whole2Part
Extra Seg Data micro macro micro macro micro macro micro macro micro macro
Open-Vocabulary Segmentation Models
X-Decoder (gt) [59] - 115 134 135 140 111 124 - - - -
SEEM (gt) [60] - 135 155 171 182 125 138 - - - -
Grounded SAM 2 (gt) [40] - 136 168 206 236 143 171 - - - -

LLaVAv1.5 + HIPIE[27, 50]
296 324 322 338 285 307 294 323 293 322

SegLLM -
LLaVA + SAM-style Mask Decod§28, 17]

LISA-13B [19] 7 5.9 7.0 7.1 75 6.1 7.1 5.7 6.6 6.0 6.8
PixelLM-13B [41] 3 6.8 8.4 4.4 4.8 4.2 4.8 4.6 5.4 6.3 7.8
GLaMM [37] 3 5.3 5.9 5.9 6.2 5.2 6.0 4.8 5.6 4.9 5.8
PLUM-13B 7 145 274 237 299 149 248 143 268 154 275
LISA-13B (ft) 7 336 354 370 384 304 316 326 347 343 36.2
PixelLM-13B (ft) 3 36.8 354 347 385 112 121 349 336 329 342
GLaMM (ft) 3 36.6 388 403 421 336 348 361 385 357 380
PLUM-13B (ft) 7 36.2 416 421 459 330 394 367 408 36.2 3938

Part-Whole Reasoning Questions The Part-Whole Reasoning results of Table 2 show that knowing

the object label prior to part segmentation leads to better mask prediction performance—the pretrained
models obtain higher Whole2Part than Part2Whole scores. This suggests that part mask prediction
bene ts from object label conditioning. The advantage obtained by object conditioning evaporates
once the models have been trained on suf cient part data, however, as shown by the netuned models.
Similarly, in Table 3 the models' increase in object accuracy after conditioning on the object's parts,
and their increase in part accuracy after conditioning on the object label, underscores the utility of
jointly predicting object labels and parts.

4Speci cally, gpt-40-2024-08-06 .



Table 3:Explanatory Part Segmentation text performance onPARTONOMY -Core. “ft” = ne-
tuned on the Partonomy training seBandR denote Precision and Recall;is multiple-choice
accuracyOA andPArefer to object and part accuracy feart2WholeandWhole2Partquestions.

Methods Identi cation Intersection Difference Part2Whole Whole2Part

P R A P R A P R A P R PA OA P R PA OA
LISA-13B [19] 884 673 219 685 57.8 479 832 619 245 872 688 250 654 885 688 27.2 580
PixelLM-13B [41] 90.4 736 350 66.1 570 46.1833 711 358 876 736 332 604 945 843 57.9 412
GLaMM [37] 83.8 895 486 515 691 323 740 818 329 728 930 201 626 741 932 241 507
PLUM 86.6 956 60.2 49.1 727 266 739 888 350 856 945 586 715 906 959 709 59.3
LISA-13B (ft) 755 98.0 30.7 718 982 357 610 965 275 731 965 238 688 746 973 280 613
PixelLM-13B (ft) 87.2 643 165 583 496 369 833 60.8 227 848 642 161 499 87.2 663 221 36.0
GLaMM (ft) 759 872 301 481 681 260 686 811 219 804 785 318 563 79.6 783 320 436
PLUM (ft) 829 85.0 421 536 699 347 733 77.830.2 817 840 409 60.0 848 881 463 512
Random 76.2 76.7 200 441 541 200 709 733 200 753 767 200 200 755 765 200 20.0
SegLLM 906 86.4 519 617 702 47.0 771 798 733 923 811 484 69.7 942 893 653 628
GPT-40 956 96.6 817 789 849 70.7 921 924 723 97.7 979 890 965 977 979 89.2 963

5.2 Additional Downstream Tasks and Ablation Study

We further evaluat®LumM on non part-centric downstream tasks to evaluate its generalizability and
whether our choice to omit speci8EG] tokens preserveBLUM's pretraining knowledge. For
segmentation, we choose the Reasoning Segmentationl@skvhich requires the model to reason
about the referenced object before segmenting it. To evakRiaie 's general visual reasoning,
we select the Visual Question Answering (VQA) tasks TextV@4] and GQA [L3], and a visual
hallucination task, POPE [23].

Reasoning Segmentation PLum demonstrates strong generalization to the Reasoning Segmen-
tation task proposed irlf]. As shown in Table 4PLum outperforms existing open-vocabulary
segmentation models such as X-Decoder and OVSeg, and also generates more accurate segmentations
than LISA, the model proposed for the task.

Table 4:Performance on the ReasonSeg benchmarlRLuM outperforms open-vocabulary seg-
mentation models and LISA, the original model trained for reasoning segmentation.

Method gloU Method gloU

OVSeqg [24] 28.5 LISA-7B [19] 44.4
X-Decoder [59] 22.6 LISA-7B (ft) 52.9
SEEM [60] 255 LISA-13B 48.9
Grounded-SAM [40] 26.0 LISA-13B (ft) 56.2

LLaVA1.5-7B + OVSeg 38.2
LLaVA1.5-13B + OVSeg 37.9

PLUM-7B (ft) 535
PLUM-13B (ft) 57.3

Table 5: Accuracy (%) on VQA datasets and the POPE hallucination benchmark. Numbers in
parentheses show percentage change relative to the LLaVA-13B backbone. LISA and PixelLM lose
most of their vision-language reasoning abilities upon netuning for segmentation, whereass
performance increases.

Method

TextVQA GOQA POPE

LISA-13B [19] 1.58( 931%)  1.33( 97:4%)  1.87 ( 94:1%)
PixelLM-13B [41]  8.37( 634%) 21.72( 57:6%) 15.29 ( 51:9%)
LLaVA-13B [28] 22.84 51.27 31.80

PLUM-13B (ours) 30.11(+31:8%) 39.18( 23:6%)  34.65(+8 :9%)

Distribution Shift Induced by Special Tokens To investigate whethegPLum 's removal of special
tokens mitigates distribution shift from LLaVA's pre-trained representations, we confpang 's
performance on VQA43, 13, 23] tasks to those of models which ugEG] tokens and to that of

the base LLaVA model Table 5. To our surprise, the performance of state-of-the-art segmenting
LMMs deteriorates signi cantly on VQA and visual hallucinatid®d tasks. Through inspection, we

nd that LISA tends to only generates irrelevd®EG] tokens. While PixelLM performs somewhat
better, it still suffers due to its use of multiple specialized tokds [In contrastPLuM outperforms

the other segmenting LMMs, even outperforming the LLaVA backbone on 2/3 tasks. This strong



performance demonstrates that our paradigm of segmentation through span extraction preserves the
visual reasoning capacity of the LMM.

Figure 5:Ablations (a) The feedback loop and tagging mechanism improve part segmentation on
PARTONOMY -PartimageNet; (b) Varying the KL-constraint weigh{, trades off segmentation
gloU and TextVQA accuracy.

(a) Ablating key components of PLUNF. stands for the feed-
back loop. LISA has neither feedback loop nor span extractor.

Model(s) | micro-gloU  macro-gloU
LISA-13B 65.6 67.7
LISA-13B 66.7 68.6
PLUM-13B ( F) 61.4 73.9
PLUM-13B 67.9 80.3

(b) Effect of k. on segmentation (Partima-
geNet) and visual reasoning (TextVQA).

Ablating Key PLum Components Removing the iterative mask-feedback loop lowers micro-gloU

by 9.6% and macro-gloU by 8%, though the span-based tag extractor alone still beats the LISA-13B
baseline by 8.4% macro-gloU. When both components are aétivey tops LISA by 3.5% (micro)

and 20% (macro), showing that tag extraction broadens long-tail coverage while feedback re nes
segmentation accuracy.

Effect of KL Divergence Increasing the KL-alignment weight, from 0 to 1.0 steadily trades
segmentation for reasoning: PartimageNet micro-gloU falls by nearly 20%, whereas TextVQA
accuracy sees a 75% performance improvement. Wegget= 0.1 in this work.

6 Limitations and Broader Impacts

Limitations Our work advances ne-grained, part-level understanding but still faces several con-
straints. AlthoughPARTONOMY -Core includes the largest nhumber of part labels to date, with
862 categories across 534 objects, it omits some rare or domain-speci ¢ parts and lacks the object
diversity of [11]. Expanding its coverage would further enhance LMM comprehension. While
PLuM mitigates major architectural limitations of prior segmenting LMMs via BIO tagging and

a FiLM-based feedback loop, it still struggles with small or ambiguous parts and may not scale
ef ciently to high-resolution imagery.

Broader Impacts Part grounding is crucial for compositional visual reasoning and safety-critical
domains such as robotic manipulation, assistive systems, and automated inspection. Such scenarios
require accurate and interpretable part understanding, with mistakes in identifying and the grounding
of parts leading to catastrophic consequences. By introdd&imgoNoMY andPLuUM, we aim to

foster more reliable and interpretable LMMs. The high computational cost of large segmenting LMMs
also underscores the need for more ef cient, sustainable architectures. We hope our benchmark and
analyses inspire continued research toward robust, ef cient, and responsible part-grounding methods.

7 Conclusion

We introduceExplanatory Part Segmentationith the PARTONOMY benchmark to evaluate part-level
visual reasoning and segmentation at scBERTONOMY spans 606 object labels and 2,507 part
labels; its evaluation splifPARTONOMY -Core, alone contributes 534 objects, 862 unique parts,
1,068 images and 4,968 pixel masks—tripling PACQO's object diversity and quadrupling its part
vocabulary. By analysing current segmentation-enabled LMMs, we pinpoint two systemic aws—(i)
distribution-shift from pre-trained weights and (ii) discarded visual context—and address them
with PLumM, a span-tagging, mask-feedback LMM that interleaves textual and visual reasoning
without extra tokens.PLuM outperforms ne-tuned LISA-13B on ReasonSeg and adds 31.8%
relative performance improvement on TextVQA compared to the LLaVA-13B backbone. Together,
PARTONOMY andPLuM lay a quantitative and methodological foundation for future research on
ne-grained, compositional, and interpretable multimodal models.
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A Appendix

A.1 Model Setup

Hyperparameter PLUM LISA PixelLM GLaMM
Backbone
Language model LLaMA-2-13B LLaMA-2-13B LLaMA-2-13B LLaMA-2-13B
Vision tower CLIP ViT-L/14 CLIP ViT-L/14  CLIP ViT-L/14 CLIP ViT-L/14
Mask decoder SAM VIT-H SAM ViT-H Conv-U-Net SAM ViT-H
1/0 and training schedule
Input resolution Px?2) 1024 1024 1024 1024
Max text length 512 512 512 512
Precision bfl6 bfl6 bfl6 bf16
Epochs 25 (0-shot) | 4 (ft) 1] 4 (ft) 14 (ft) /4 (ft)
Batch size 6 6 6 6
Grad. accumulation 10 10 10 10

Effective batch

10 bsz GPU 10 bsz GPU 10 bsz GPU 10 bsz GPU

Optimizer
Optimizer AdamWw AdamWw AdamWw AdamWw
Learning rate 3 104 3104 3104 3 104
Betas (0.9, 0.95) id. id. id.
Weight decay 0 0 0 0
Gradient clip 1.0 1.0 1.0 1.0
Loss weights

ce (LM) 1.0 1.0 1.0 1.0

seg (Dice/FTL) 8.0 (FTL) 0.5 (Dice) 0.5 (Dice) 0.5 (Dice)

sce (mask) 2.0 2.0 2.0 2.0

KL 0.1 — — —

as (BIO) 2.0 — — —
Dice scale factor 10° 10° 10° 10°
FTL(; ) (0.7,0.3) — — —
Additional Modules
BIO span tagger X — — —
Bidirectional encoder 2048 — — —
Feedback LoopTemporal Mask Pooley) X — — —
Trainable SAM parts decoder prompt-enc. decoder — decoder
LoRA on LM (q,v) r=8, =16, p=0:05 id. id. id.

Table 6: Hyperparameters used for all experiments. We juxtapose four segmenting LMMs,
including PLUM, against each other to illustrate the hyperparameter differences among the models.
“id.” indicates “identical” to the other model's setting, “—" indicates “not applicable”, and “bsz”
indicates the batch size the models are trained&®LUM defaults to Focal-Tversky loss; when

we ablate it we fall back to standard Dic&Cross-attention is enabled only in ablation runs when

explicitly speci ed.

Model Training and Evaluation

PLUM is optimized in two stagesStage-(“0-shot”) mixes four

publicly-available multi-task corpora—semantic segmentat8 11, 7, 56|, referring segmentation
[15], visual-question answering and image captioni®g [9:5:5:1 sampling ratio)—for 25 epochs.
Stage-lthen optionally netunes oifPARTONOMY -PACO, PARTONOMY -PartimageNetPARTON -
oMY -PascalPart training splits for an additional 4 epochs, and we call this PLUM checlghdid

(ft) as shown in Tables 2 and 3. We resize every imagOR# pixels and truncate text t612

tokens.

Training uses DeepSpeed ZeRO-2 wilifl6 precision,
gradient_accumulation_steps

=10 (effective batclO0 bsz Ngpy). Wei
AdamW ( =(0:9; 0:95), no weight-decay) with a peak learning-rate3of 10

gh

a per-GPU batch of 6, and
ts are updated by
linearly warmed

up for the rst 100optimization steps and clipped to a global normidf thereafter.

We freeze the CLIP vision tower and the MM projection layer; all other components are trainable.
The LLaMA decoder receives LoRA adaptersgrproj,v_proj (r=8, =16, dropout0:05). On

the vision side we netune the SAM mask-decoder and, when speci ed, the prompt-encoder. PLUM's
additional heads, the bidirectional BIO encoder and the Temporal Mask Pooler for mask feedback
loop, are always optimized.
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Figure 6: lllustration of the hierarchical object-part ontology constructidPARTONOMY -Core. We
manually collect 562 object-level concepts and generate part-level concepts using LLM and manually
Iter out overlapping parts. Our question-answer mutator then generates challenging answer choices
based on the part set overlap between object-level concepts.

The total loss is a weighted sum of (i) language modeling cross-entropy, (ii) BIO span classi cation
loss, (iii) Focal-Tversky and pixel-wise BCE for masks, (iv) KL divergence to a frozen teacher
shapshot of LLaMA. Loss weights follow Table 6; random seed is xed to 42.

For model evaluation, we rst divide the performance evaluation to two facets: (i) pixel-level mask
prediction evaluation as in Table 2, and (ii) multiple choice answer selection evaluation. Note, for
multiple choice answer selection, we take the argmin over the entropy of each answer choice (i.e., the
argmax over the sequence-level probability of each answer choice), and greedily select the answer
choice with the lowest entropy. For pixel-level mask prediction, we provide the ground-truth answer
choice and their part text (¢SEG] for LISA, PixelLM and GLaMM) so that the models can be
evaluated solely on their mask prediction performance per part text.

B PARTONOMY Construction

Ontology construction For PARTONOMY -Core, we rst construct the object-part hierarchy as
illustrated in Figure 6. The hierarchy starts with a set of root-level, superordinate object categories
(e.g.,airplane , kitchen tools ), where each category contains a set of intermediate object-
level concepts (e.gagricultural airplane , coffee maker ) that fall under each superordinate
category, and part-level concepts which compose the leaf nodes of each object-level concept. We
manually de ne 10 distinct superordinate concept categories, ranging from generic concepts, e.g.,
vehicle , office supplies ,to more complex concepts suchgeography®. There are a total of

534 object-level concepts (e.panana boat under theboats category) These concepts contain
1976 concept-speci ¢ parts (e.piplane-wing , or 862 unique part types, each appearing in 1.6
object categories on average. Table 7 shows the full list of object categories with example object
labels.

SDice loss wherfocal_tversky= False.
5We thank MIT Lincoln Lab and DARPA for developing an initial category and concept ontology as part of
the DARPA ECOLE effort, which we re ne and expand to construct our part-centric ontology.
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