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Abstract

Pretrained vision language models (VLMs)
present an opportunity to caption unlabeled 3D
objects at scale. The leading approach to sum-
marize VLM descriptions from different views of
an object Luo et al, 2023 relies on a language
model (GPT4) to produce the nal output. This
text-based aggregation is susceptible to halluci-
nations as it merges potentially contradictory de-
scriptions. We propose an alternative algorithm to
marginalize over factors such as the viewpoint that
affect the VLM's response. Instead of merging
text-only responses, we utilize the VLM's joint
image-text likelihoods. We show our probabilistic
aggregation is not only more reliable and ef -
cient, but sets the SoTA on inferring object types
with respect to human-veri ed labels. The aggre-
gated annotations are also useful for conditional
inference; they improve downstream predictions
(e.g., of object material) when the object's type is
speci ed as an auxiliary text-based input. Such
auxiliary inputs allow ablating the contribution
of visual reasoning over visionless reasoning in
an unsupervised setting. With these supervised
and unsupervised evaluations, we show how a
VLM-based pipeline can be leveraged to produce
reliable annotations for 764K objects from the
Objaverse dataset.

information can be provided to improve inference. These
stages can be evaluated and optimized using sparse labeled
data. But to scale VLM pipeline assessment beyond vali-
dation accuracy, we also develop unsupervised metrics to
track hallucination and ablate visual reasoning.

Datasets of 3D objects (e.g., Objaverse frDgitke et al.
(2023) provide arich testing ground for such a pipeline. We
target the generation of useful text pairings for 764K object
assets. We look not only at captioning but also inferring
speci ¢ properties such as type, material, physical behavior,
affordances, or relations like containment between objects.
These property-speci ¢, open-vocabulary annotations help
index the dataset on a set of conceptual axes1Jig

To address the challenge of inspecting a 3D object using
2D views, we generate VLM responses with accompanying
image-text likelihoods. This facilitates a visually grounded
score-based aggregation (ScoreAgg) to determine the most
reliable responses across different object views. Our al-
gorithm is novel, general, and can be applied to arbitrary
factors (besides viewpoint) varied across VLM queries. It
compares favorably with text-only summarization; the latter
requires additional computation, some instruction tuning,
yet tends to propagate contradictions (i.e., hallucinations).

We also explore conditional inference via prompt-chaining
(together with ScoreAgg) to boost the accuracy of VLM an-
notations. These methods help leverage off-the-shelf VLMs,
without retraining or task-speci c in-context learning. As
ScoreAgg produces a probabilistic output, it also helps quan-
tify the uncertainty across possible responses. The aggrega-

1. Introduction tion exhibits increasing accuracy as we sample more VLM

Numerous applications could bene t from a zero-shot VLM F€SPONSes per probe or run more VLM probes, thus per-
pipeline to identify the type and nature of a 3D object from Mitting exible use of computation to improve reliability.
views of it. We assess the design choices for such a pipelind€se capabilities could help optimize VLM pipelines more
(i) what images to use, (i) what VLM, (jii) how to prompt broadly than our particular focus on annotating 3D objects.

the VLM, (iv) how to process multi-view or multi-prompt e organize the paper around the design choices we intro-
responses to produce an aggregate, and (v) what auxiliagyced for a zero-shot VLM annotation pipeline. Sectton
lays out some background and prior work. In SecBowe

aim to summarize type annotations reliably under changes
in view or prompt. In Sectiod, we assess the inference
Proceedings of thd1%' International Conference on Machine of object material using a variety of VLMs and condition-

Lk?arninhg \?e)””a' Austria. PMLR 235, 2024. Copyright 2024 by ng inputs. Both sections rely on human-veri ed labels as
the author(s).

'Google DeepMindUniversity College London. Correspon-
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CAP3D caption

a coffee cup, spiral

slice of bread, and

a yellow dish with a

spiral pattern
Ours

a cup of coffee

CAP3D caption
A small terracotta sculpture
featuring a bird, a brown and
white vase with an animal head,
and a broken pottery piece with
an animal design, accompanied
by a pot with a turtle, a terracotta
fish head, and a headdress with a
bird, as well as a brown and white
ceramic bowl with a pattern

Ours
a broken piece of pottery

CAP3D caption
a small toy robot with red eyes
and a basketball player holding
a purple ball

Ours
a wooden sculpture on

a purple base

Figure 1:An inferred conceptual subgrid for 3D objects. We probe pretrained VLMs on how well they infer object
properties such as type (e.g., “cup”, “pot”, “tower”) and material (e.g., “ceramic”, “wood”, “plastic”). We apply a visually
grounded aggregation across 2D views to avoid hallucinated outputs. Our method, ScoreAgg, produces more reliable
captions than the current SoTA, CAP3Dup et al, 2023, as shown in the callouts.

well as unsupervised metrics to evaluate the annotations arebnsidered include OmniObject3BVU et al, 2023, ABO
pipeline choices. In Appendik.1, we also vary the render- (Collins et al, 2022, and ScanNeRFJe Luigi et al, 2023.

ing of images or object appearances to study the impact oBut they lack the scale and potential of Objaverse—for in-
VLM performance. stance, the number of object classes in other datasets is a

Our salient contributions are the following—we: few hundred, compared to 1156 in Objaverse-LVIS alone.

. . Baseline.A three-module pipeline was recently proposed

1. Introduce a visually grounded aggregati®téreAgy 14 generate captions for Objaverse. Though we aim to go
of VLM responses across multiple queries. beyond captioning and supervised evaluation, we rely on

2. Compare our annotations with a leading approach- sp3p (Luo et al, 2023 as the primary baseline for our

based on GPT4 (CAP3IL(o et al, 2023). We use o Their pipeline is as follows: a VLM (BLIP-2{ et al.,
caption blow-up ratioss a measure of hallucination 5453 rst produces 5 candidate captions for 8 object views;
to show our method is reliable where CAP3D is not. ) p'(Radford et al.2027) lters all but one caption per
. E_stabllsh a SoTA on type and material mfgrence W'r'tview, and GPT4QpenAl, 2023 generates an aggregated
given and collected h‘%m?‘” labels r_e_specuvely. caption. We found this last step to be prone to hallucinations
4. Propose an unsupervisetsual sensitivity metrithat giscussed in detail in Secti®). Our procedure is similar

s predicti\{e of VLM accuracy. ) . up to CAP3D's rst stage, but we don't use any further
5. Are releasing 5M aggregated captions and annotationg, , qules for ltering or summarization.

for Objaverse. These are available via our project page.

Models. To generate our own captions or annotations, we
. use variants of PaLl-X pretrained speci cally for captioning
2. Background and Setting or visual question answering. Both variants consist of a ViT-

Dataset. Our main target is Objaverse 1.Dditke et al, ~22B (Dehghani eta)2023 vision model and 32B UL ZTay
2023, an internet-scale collection of 800K diverse but €t @l 2029 language backbone, totaling 55B parameters.
poorly annotated 3D models. They were uploaded by 100KE0r material precﬁc’uon, we also run BLIP-2 T5 XLi(et al.,'
artists to the Sketchfab platform. While the uploaded tag£023 s a baseline. All models are run zero-shot, one input
and descriptions are inconsistent and unreliable, a subsifiage at a time, and output an autoregressive distribution
of 44K objects called Objaverse-LVIS is accompanied byPVe' language tokens. The likelihood of any sampled text
human-veri ed categories. We rely on it to validate our ¢@n be computed during the VLM sampling process (e.g.,
semantic annotations. We also introduce a subset with m€am search) without any additional cost. None of our
terial labels to test material inference. Other datasets wE18thods or results are speci ¢ to PaL | or BLIP.
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A. Multi-view differences can produce varying object descriptions

View 1 View 3 View 5 View 7
BLIP-2: a jar of yellow chips with a label on it BLIP-2: a jar filled with yellow peas on a gray background ~BLIP-2: a jar of banana chips with a green label BLIP-2: a jar of chips with a label on it
PaLl-X: a jar with a green lid filled with PaLl-X: a jar with a green lid filled with PaLl-X: a jar with a woman holding a bunch of ~ PaLI-X: a jar of caria chips, score:
-3.16

leaves, score: -3.78 coins, score: -3.35 bananas on the label, score: -3.18

B1. Aggregation in text space using an LLM and B2. Aggregation using available VLM scores of each descriptaurs)

engineered prompt (CAP3D) - N Sparse  Deduplication Aggregation of “a jar of

Prompt: “Given a sel of o response-view of responses  scores across ! plantain chips

descriptions about the same 30 “A jar of I:] g score matrix (Eq 1) views (Eq 2)  with a green lid”

object ... distill these descriptions banana chips |views “a jar of

into one concise caption. The LLM o » 3000 oooo | plantain chips”

descriptions are as follows: a jar — —_ with a green — 2 aoon — Doog _— o —_— “a large jar of

of yellow chips with a label on (GPT4) label and -Z. = £ good £aoo o ge Jar "

c . = o 0000 Oomo o lantain chips

it, <captions for remaining views> yellow peas - _ @ domo . D. .

.. Avoid describing background, inside.” -Z - e EEEE “a jar with a green lid

surface, and posture. The caption J (response, score) =2 FEOQ filled with leaves”

should be:” pairs per view | views Probability

Figure 2:A. Three of eight regularly spaced views of a 3D object. Each view is accompanied by the top caption produced
by two different models: BLIP-2 & PaLl-X. Captions from BLIP-2 were obtained from the competitive CAP3D baseline,
whereas captions from PaLl-X were generated with accompanying scores for this work. Both models show an expected
variation in responses across viewd.. To aggregate multi-view captions, CAP3D feeds them to GPT4 and prompts it for

an object-level summary. The LLM is unable to reconcile captions from different views, and simply adds up the contents.
B2. Our algorithm downweights unreliable responses by combining scores across views. We show its top-4 outputs.

2.1. Related Work because only 5% of Objaverse is accompanied by veri ed
category labels. Being able to predict them would help shed
light on the rest of the dataset. We also expect asking for
the type of an object to be a language-amenable query, and
hence a basic test for VLMs.

We present a literature review in Appenddx Though ap-
plying VLMs to 3D domains remains under-explored, the
following papers are close to certain aspects of our work:

1. Zhu et al.(2023 propose a VQA-based approach 10 pegpjte how simple a task this initially appears, the chal-

caption ZD images. 'I_'hey use an LLM (GPT) to 9€nerenge of captioning a 3D object is evident from Rig\. The

ate questions about image contents, a VLM (BLIP-2)q,rent SoTA for 3D captioning (CAP3D) relies on GPT4 to
to answer them, and nally an LLM to produce a sum- g mmarize annotations across multiple views of an object.
mary caption. CAP3D takes a similar approach withjg can produce deeply awed summaries—the LLM prop-
an extra ltering step before summarization. agates hallucinations or confusions when there's contrasting

2. O'Connell et al.(2023 attempt to replicate human- jeaiis across views (see FigB1). Though it is explicitly

level 3D-shape understanding using multi-view leams, g cted that it is given captions of one object, the LLM
ing objectives. But all tested models fall short of hu-

) can interpret them as multiple co-occurring objects. It lacks
man performance on held-out ShapeNet objects.

the visual context to reconcile contradictions.

3. Gao et al.(2023 crowd-source a dataset to explore
VLM-based inference of object physical properties in To address this, we propose an alternative method of aggre-
natural images. VLMs like InstructBLIFD@i et al,  gating multi-view or multi-query annotations (F&B2).
2023 bene t from ne-tuning on their data. We describe the algorithm in Secti8rl. We compare base-

4. A method that contends with fusing VLM outputs (but line sources with captions and type annotations produced
assuming posed RGB-D data) is ConceptGraghs ( Py our method in SectioB.2 We then present a measure of
et al, 2023. Their focus on building scene graphs to hallucination (Sectiol.3) to show our method is reliable
map environments is different from our goal of gener-where CAP3D is not. Finally, we unpack the performance
ating object-centric, property-speci ¢ annotations. ~ Of our aggregation and show how it scales in Secigh

3. Type Annotation 3.1. Visually Grounded Score-Based Aggregation

o Ki infer th f each Obi biect i We introduce a method for aggregating VLM outputs across
ur rsttaskis to iner the type o eac Javerse o ject n multiple queries that relies on the log-likelihoods or scores
a zero-shot, open-vocabulary setting. The task is compelling
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Views of example object
(human-verified LVIS category: "banana")

"banana"

o o
o on
g &

"banana,
banana tree"

Objv. tags PaLl VQA
Top-lacc. 0:06 024 026 044
Top-5acc. 0:13 0:34 052 050
Top-1 acc. 0:15 0:36 067 047
Soft acc. 0:04 017 (019 0:26

"a banana"
gazanana

0.40 "a banana and
a chicken" "a banana against
a white
background"

"3D model of a
banana and a
chicken"

°
W
&

°
w
8

Similarity score of generated captions
with human-verified LVIS categories

0
Objaverse Tags CAP3D CAP3D PaLl - Caption PaLl - Caption PaLl-VQA PaLl-VQA

w/ GPT4 agg w/ GPT4 agg w/ ScoreAgg w/ ScoreAgg w/ ScoreAgg w/ ScoreAgg

(no 3d word) (no ba suffix) (first entity)

Figure 3: Comparison of captions and type annotations generated from different sources/model&ll results are

averaged over Objaverse-LVIBeft: the bars show text-embedding similarity scor8sf¢r the aggregate/top per-object
descriptions from each source. We show an example caption/type annotation above each bar; these correspond to a xed
object shown in the upper left corner from two different vieiRight: string-match metrics that assess full predicted
distributions from two sources. We report top-k accuracies (whether the correct type is in the top-k predictisveell as

the soft accuracy (probability of the correct type in the output distributipn,

of the sampled outputs. Say we rumueries (spanning dif- equivalent tar, and can be customized per VLM. This is
ferent views/prompts) to gét responses per query, denoted useful when responses are identical up to punctuation, case,
fri; g. This forms our support for the aggregate output disor uninformative tokens. Since these are undesirable dupli-
tribution, i.e., we havéJ possibilities for the nal response. cates, we want to avoid accumulating their scores, so we
take the supremum instead. Note tedt) can bel if

An expensive approach to estimate the compatibility behor equivalent occurs in thé responses for queiy Eq2

tween all responses and queries would use the VLM like; A
: o : then aggregates scores across occurrencesnodlistinct
lihood p(rjx;q; ) to scorefr;; g with respect to each

. : . . queries. These are desirable duplicates (over distinct images
imagex and question/prompg.  This would give us a or prompts) that merit reinforcing. Finally, Ejcomputes
dense response-score matrix, sizéd |. We could then promp 9. Y. P

marginalize across the columns to compute global log- an aggregate probability distribution over responses by tak-

likelihoods for alllJ responses. Obtaining the dense mal"9 @ softmax over the aggregate scores. Se&f8g for a

trix, however, would require not oni@(1J ) forward passes visual overview of the algorithm.

through the VLM sampler (to obtain thd candidates), but By assuming some overlap across thgueries, our ap-
also a subsequent scoring cosi@(fl 2J). The quadratic proach avoids the quadratic scoring cost of the strawman
factor! 2 would make it harder to run more queries (multiple approach. Our nal complexity is jusD(1J ). (This in
views/prompts) to ensure the nal output is reliable. fact helps us run more queries to ensure overlapping re-

ScoreAgg: We posit that when VLM queries are correlated sponses.) To work with th.e fact that we expect fewer than
I, scores for each de-duplicated responsse cannot add

(e.g., views of the same object or paraphrased questi0n§ ig-likelihoods in Eqe—a sum would make the aggregate

we'll get recurring responses across queries. We also explol .
. : score smaller for responses that occur frequently (since the
the fact that we can obtain one score per candidate respon

€ . . i
for free. Paying only the initiaD(1J ) VLM sampling cost, ?og !|keI|hoods are negative), while less frequent responses
. . ; avoid that treatment. Instead we need an aggregation func-
we obtain a sparse response-score matrix contailing . : o .
i i tion that is non-decreasing in the number of available scores.
response-score paiféri; ;s;; )g. Letf be a map to post-

process strings and reduce them to a canonical form. Thléog-sum-exp and max are two choices (which we compare

; ) . . ih Section3.4, showing the former works better). Other
following aggregation helps identify responsethat occur . . . . .
. ! . . choices would require manipulating the scores by adding a
frequently while accounting for the model's con dence in

each occurrencer 2 f r. o positive offset or scaling by a positive constant, but those
i 9 cannot be chosen in a principled way.

si(r) = supfsgi Jf(riy)=randj =1;2:5Jg (1) Compared to model-based summarization (e.g., using an
Sagg(r) :=log exp(si(r)) (2) LLM), ScoreAgg requires a simple nur_nerical computation.
i X Whereas an LLM needs a task-speci ¢ prompt, our algo-
i s o) = — rithm can aggregate over arbitrary VLM queries (e.g., to
PTITTij 3 Sij 9) 1= €XP(Sagg (1) " eXP(Sago (1) (3) control factors other than the viewpoint). While an LLM
produces a point estimate, our method outputs a distribution

Eq 1 deduplicates and re-scores responses for a given quepyer possible responses. Although our method inherits po-
i. The string processdr determines when;; is treated
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1 1 H 1 H H H CAP3D (blow — tio 5.6): A CAP3D (blow — tio 4.5) CAP3D (blow — up ratio 4.4): A
tential aws in a given VLM's scoring, it would be Straight-  cicion orsinoseies festurnga  wiite cat with black eyes, s bisck ana  <oliection of Lego modets ncuding a
man with a microphone, a man with a gun,  white bird, a white and pink cat with boat W\tht;a7 bltle and ;edr::{ophe\\ler,ta
1 H bot with a skateboard, black , a black and white h d  race car with a blue and white helmet, a
forward to decouple the two VLM outputs if deSIred—WE s remers bew wiira soseball anmal o aiite oo back pira. s black  man on a bise anc white machine.
. . bat, a Five Nights at Freddy's and white devil head with pink horns, a Spacetshm, a car;\:lntg :\:E:n:nvdvr!te
Frankenstein, ith a bowli ball, hite b ith black , and a black parts, a man ri ,
could scord r; gusing a different model and replats;; g T res bt wih & bacchll pat " SRGVAG Cat Wit bk eves " helcoptar Wit e nd whit part.
' ! ours: a silhouette of a man Ours: a cartoon bird with a black ours : alego spaceship with a

before Egl. f could also be used to implement arbitrar- Poking s erophene e spocemanonit
ily complex string matching or textual entailmeiiofman

et al, 2018 to aggregate similar responses. “1 ‘
3.2. Evaluation w.r.t. Human Labels O
We collect four sets of semantic descriptions for Objaverse:
Figure 4:0bjects with the largest caption blow-up ratio
1. Objaverse tags (baseline)these were uploaded by the for CAP3D. We compare their aggregate captions with ours.
creator of each 3D asset. They are inherently noisy and
inconsistent between objects. We comma-separate the
tags to produce an aggregate string for each object. Buhe rest. They match ground-truth string labels on a large
when we compute distributional metrics, we treat thefraction of validation data without being trained for the task:
tags separately, as ordered but uniformly likely. our output distributions contain the exact expected type on
2. CAP3D captions (baseline)these were generated and two-thirds of Objaverse-LVIS (Fi§-R). The soft accuracy
released by.uo et al.(2023. A post-processed version (19%) is signi cant considering there are upltb = 160
removes the frequent pre x, “3D model of”. We compare unique responses in each aggregate output distribution.
both versions.

3. PaLl captions (ours). using a captioning variant of 3.3. An Unsupervised Measure of Hallucination

PaLl and simple prompt (“A picture of ”), we generated lain th ¢ b h and
descriptive captions similar to CAP3D's rst stage. We To explain the performance gap between our approach an

then applied ScoreAgg to summarite= 5 responses CAP3D, we dgvelop a measure to identify cases where
acrosd = 8 views per object. We compare results with CAP3D hallucmates. The goal is _to systematlcal!y compare
and without a post-processing magEq 1) to ignore those cases with ourl captions without cherry-picking. We
suf xes of the form “on/against a white background.” observe that (;APBD s_aggregated outputs are often longer
4. PaLl VQA annotations (ours): we used four VQA than t.he. per view cgptlons, tl)ecause.GPT4 na|v_ely ad(_js up
prompts to probe for the type of each object: (i) “What dgscrlptlons from dlﬁergnt views. This blow-up in caption
is this?” (ii) “What type of object is this?” (iii) “What size due to the aggregation step can be measured as follows:
is in the image?” (iv) “Describe the object in the im-
age”. This produced 4 sets of top-5 responses per view
(I =4 8=32; J =5). The responses are typically
WordNet entitiesfliller, 1995 that group synonyms or

related terms in a comma-separated list. We deduplica.tgq 4 divides the word count of an output summary by the
responses by taking the rst such term per response. Thig, 3yimum word count across all single-view captions for the
post-processing map is also ablated. same object. For CAP3D, we nd caption blow-up ratios as
high as 5.6, implying that GPT4 accumulated the words of

We compare outputs from these sources to human-veri ed

object categories from Objaverse-LVIS. For our Sourcesat least 5 single-view captions for that particular object. On

o ... the other hand, if we computed caption blow-up ratios for
we take the likeliest output from each aggregate distribug .
. . . ScoreAgg, we would always get a ratio of 1.0, because our
tion. We then embed all text using an independent Ianguagehal caption is always one of the single-view captions
encoder, the Universal Sentence Encoder (@&r (et al, '
2018 from TensorFlow-Hub. Finally, we compute cosine We visualize objects with the highest CAP3D blow-up ratios
similarities between the embedded outputs and veri ed catin Fig 4 (see also Fid0in the Appendix, where we show
egories. With 512-dim embeddings, the sentence encodenore objects). Across the board, our captions are more con-
allows comparisons that are invariant to sentence length. cise and accurate. We nd groups of similar objects emerge
when they are ranked, suggesting systematic CAP3D errors
I(_e.g., three “child's drawings”, two “silhouette” gures, and
two “cartoon birds” in the top 20). While a high blow-up
ratio is a precise indicator of hallucination, it has low recall,
"Because even shorter CAP3D summaries can contain con-
tradictions (e.g., “a banana and a chicken” in Figgyewe
PaLl VQA annotations perform signi cantly better than present such examples in Fig.

&

wordcoungr)
max;; wordcoun(ri; )

blow-up ratidr) := 4)

Fig 3-L shows that all VLM pipelines outperform tags from
the original dataset. PaLl captions (using ScoreAgg) outpe
form CAP3D substantially. The quantitative improvement
is due to less hallucination and increased accuracy fro
view-aggregation, as we show in Sectidh8and3.4.
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Aggregation over
single view, default question
single view, all questions
all views, default question
all views, all questions

°
o
o

3.4. Explaining ScoreAgg's performance

o
o
=3

To show how ScoreAgg works, we examine (i) the bene t of
multi-view/multi-prompt aggregation over individual VLM
queries; (ii) an alternative for the log-sum-exp function in
Eq 2; and (iii) the effect of hyperparametdrsandJ, which
determine the VLM compute budget. We use the same
similarity score as SectioB.2for these analyses.

=3
n
o]

=3
wn
=)

o
>
o

=3
>
o

o
w
o

Similarity score of type annotations
with human-verified LVIS categories

o
w
o

Fig 5ashows the accuracy of individual object views ver- =

. 0 4 5 6 7 All Al
sus all-view ScoreAgg responses. The log-sum-exp (LSE) Object view (LSE) (max)

aggregate performs better than any individual view, undeia) Score-based aggregation across views and across questions.
scoring why our captions are more reliable than CAP3D'sEach bar aggregates a different subset of VLM responses. We
Fig 5aalso compares the LSE aggregation with the simpleompare single-view predictions (labeled 0-7) with aggregated

choice of taking the maximum score. The LSE outperPredictions over all views, while highlighting the gap between
' asking a single or multiple questions.

forms the max-score aggregation by a small but signi cant
margin—the latter performs worse than several views indi-
vidually, because overcon dent responses might dominate
the aggregate. This validates our algorithmic choice.

0.595

0.590

Prompt-aggregation further boosts the accuracy of type pre-
diction, as we show qualitatively in Figy Using multiple
guestions smoothens the ScoreAgg response distribution
and widens the support. We see that prompt-aggregation
helps avoid mode collapse in bimodal cases (such as the bee 1
on the wall). It also reduces question-speci ¢ biases (e.g.,

guestions that include the word “object” make the VLM  (b) Effect of aggregating across a variable number of object
likelier to say “toy,” while remaining questions are likelier ~ views,ly.

to elicit “statue” or “lion.”)

0.585

0.580

Similarity score of type annotations
with human-verified LVIS categories

2 4 8 (all)
Hyperparam /, (number of views per object)

0.595

Finally, we examine how ScoreAgg scales with respect to
additional VLM computation (which may yield inconsistent
responses). Figurésh and5c underscore that ScoreAgg
bene ts from more candidate captions and views. The intu-
ition is that increasindg) andJ increases the overlap in the
response-view score matrix (see Rig2), thus producing

a more reliable aggregate score for each candidate caption. Hyperparam ] {number of rasponses sampled per view)

0.590

0.585

0.580

Similarity score of type annotation
with human-verified LVIS categories

o
«
N
bl

In sum, ScoreAgg is key to improving the accuracy of type (c) Effect of aggregating across a variable number of VLM
annotation. We probe these annotations further on inferring responses sampled per probe,

downstream properties in the next section. ) o
Figure 5:Explaining ScoreAgg's performance.We apply

ScoreAgg on different subsets of VLM probdsg (= 8
object views |4 = 4 VQA prompts) and VLM responses

Our second task is to infer what each Objaverse object i€" Probe (up td = 5). Aggregate outputs are scored on
made of. The task is signi cant because an object's physicafPPiaverse-LVIS as before.

composition has immediate implications for how it behaves

physically. Whether it will sink, bounce, stretch, or crack

is largely determined by its material. There is limited prior (i) classes at different levels of speci city (e.g., ‘metal’
work to study whether VLMs can infer material properties ~ and "aluminum’), because we expect aggregated VLM

(Gao et al, 2023, mainly due to a lack of validation data. predictions to place probability mass on both levels
. (varying based on the VLM's con dence). This is not
To address the gap, we collected a test set of 860 objects  {he same as multi-label classi cation; we only evaluate

spanning 58 material classes. All labels are derived from 5, one target label per object.
original Objaverse tags (see Appendix2for details). To i) g wide range of materials with different properties: non-
make the test as challenging as possible, we included: rigid materials (e.g., “tarpaulin’, “snow"), organic mate-

rials (e.g., "bamboo’, “seashell’, “bone"), manufactured

4. Material Inference



Leveraging VLM-Based Pipelines to Annotate 3D Objects

Top aggregate response: hummingbird Top aggregate response: statue Top aggregate response: tray Top aggregate response: bee
LVIS category: hummingbird LVIS category: N/A LVIS category: N/A LVIS category: N/A

= stawe

-ty

== sculpture

- ion

Probability of response

Figure 6:PaLl VQA responses per question and after aggregatioffior xed views of a selection of objects. To reduce
visual clutter, we lItered responses with scores below a xed threshold (-1.2). Each subplot legend lists the possible
responses sorted by aggregate probabilities. For comparison, we show the object's LVIS category where available.

materials (e.g., ‘glass', “plastic', “steel’), food ingre- Results. Table 1 reveals that class-conditional inference
dients (e.g., ‘chocolate’, ‘rice"), fabrics (e.g., ‘wool', can boost material prediction abilities in both VLMs (PaLl-
‘denim’), and natural elements (e.g., 'sand’, “ice'). X and BLIP-2). Although the effect is stronger in (the
signi cantly larger) PaLl-X, using a type annotation as well
as the object's appearance generally outperforms using one
or the other. We conjecture two possible reasons: (i) xing
We devise and evaluate 10 inference scenarios over thevalue for an upstream property, from the VLM's full range
following axes. We assume ScoreAgg to generate viewef predictions, helps mitigate confusion; and (ii) access
aggregated predictions: to previous computations helps the VLM avoid redundant

processing and attend to the downstream task.

(i) Conditional inference: We expect an object's mate- o . i
rial to be harder to infer from images than type; this Predictions from text alone (see “From Type” subcolumns)

raises the question whether we can prompt a VLM to€0n rm that CAP3D captions contain more material infor-
reason deeper about material. One way is to equip th8'ation than PaLI-VQA types. Yet PaLl types are on par or
VLM with prior inferences such as the object's type. better than CAP3D captions when we do use the object's
Thus the VLM can make its prediction on the basis of @PPearance (see “From Type and Appearance” subcolumns).

two factors: object type and appearance. We evaluat&his is likely explained by hallucinations or specious details
how well this works by posing questions including or i CAP3D captions which hinder VLM reasoning. See Ta-

excluding the likeliest type (e.g., “what material is the ble 5 for more examples of predictions from all inference
spoon made of” vs “what material is this made of”). SCe€narios across the material test set.

We also run a third probe including the type in the ques-
tion but without any image input (e.g., “what material 4.2.An Unsupervised Metric for Downstream Inference

IS a spoon me}de of"). This makes thgz model operatgye o,y probe our material annotations through an unsuper-
as an LLM, with the same model weights, and_helpsvised lens. The motivation is—while VLMs can perform
__ Mmeasure the accuracy of language-only reasoning. - 4 hiyrary question answering tasks, collecting labeled data

(i ChOIC('B of type annotations W_hen specifying the to validate their responses remains a bottleneck. What we
object's type as part Of_ a questlonl, We can (?hoose Qo have are some intermediate inferences which are already
use detguled captions like CAP3Ds, or s.uccmct typevalidated, and can be used for conditional inference. Using
annotations proo_luce(_d by our VQA pipeline (see Sec[hese, we develop a metric to characterize the quality of
3.9. _The comparison s ur_1fa|r because 43% O_f CAP3D yownstream VLM responses, and to highlight interesting or
captions explicitly contain the target material Iabel,problematic cases without supervision.
compared to 12% of PaLl types, mainly due to objects
like “iceberg” or “woodcarving”. Nevertheless we As in Sec4.1, we run VLMs with and without a visual input
study which type annotations perform better. by supplying a text value for the type property in both

(i) Choice of VLM: We run two VLMs on all scenar- cases. The questiap changes slightly to be type-speci ¢
ios above—PalLl-X VQA as before and the smallerin LLM mode, ¢, rather than instance-speci ¢ in VLM

BLIP-2 T5 XL (used in CAP3D). This helps ensure mode. Let rij g andf rPg respectively denote the sampled
our results are not speci ¢ to a model class or size.  responses (wheigndexes object views arjdindexes VLM

4.1. Evaluation w.r.t. Human Labels
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Table 1: Material inference with two VLMs: PaLl-X and BLIP-2. . The models are provided either an object type
annotation or image as inputs or both. We report top-k accuracies and soft accuracies averaged over the material test set; we
also show top-2 predictions on an example object (right) under each inference scenario. VLM-mode responses are view
aggregated (via ScoreAgg). The predicted distributions contain up to J=5 alternatives in LLM mode or 1J=40 in VLM mode.

« Appearance (From Tyge) Fr?m Appegra;nce From T(ype and dAp)pearance Example object
LLM mode VLM mode, VLM mode, - o
¥ o) o e Mater CAP3D PaLl-VOA No captionftype CAP3D PaLlVOA Material 'é?e" REIEEEIN CAP3D
captions types information captions types caption: “small whitepOrcdaifi
Top-lacc. | 046 050 0:33 047 056 050 061 049 0:60 049 vase with colorful oral designs
PaLl-X | Top-3acc. 0.73 044 058 0.49 0:83 0.37 0:87 034 0.86 0.35 on it". PaLl-VQA type: “inkwell”.
55B | Soft acc. 0:36 0:29 0:25 0:28 0:41 0:28 0:44 0:27 0:44 0:29
VQA Example “porcelain” (0.29), "glass” (0.28), "faience” (0.88), “faience” (0.68), “faience” (0.71),
preds. “faience” (0.28) | [porcelain” (0.24) | [‘porcelain” (0.06) | “porcelain” (0.15) | [porcelain” (0.16)
Top-1 acc. 0:21 041 0:18 0:39 0:57 0:50 0:47 0:50 0:56 0:50
Top-3 acc. 0:24 043 0:22 041 0:68 0:47 0:59 0:49 0:69 0:46
BLIP-2 | Soft acc. 0:19 0:35 0:16 0:33 0:50 041 0:42 0:42 0:51 0:42
T5 XL @ O 7 5 - -
Example “China” (0.58), m‘c‘ar;aeltéloc.)?B), porce“I alhn.t (0.99), “porcelain” (0.80), | fporcelain” (0.94),
« - white i i
preds. ceramic” (0.24) plastic” (0.06) porcelain” (0.01) china” (0.12) china” (0.04)

responses for a xed query). We compare outputs fromTable 2:Object properties assessed without validation,
running in VLM and LLM modes using a probability metric, Via visual ablation of PaLI-X responses.Placeholders T
the Hellinger distancel , which for discrete distributions and M are lled in with a prior type or material inference.
(like the output of ScoreAgg) is identical to the Euclidean The visual sensitivity metric is averaged over 44K objects.
distance between two square root probability vectors:  (See also Fig2where we showcase these predictions qual-

itatively on a xed set of objects.)
visual sensitivityo,) := H(p(rjf rij 9); p(rjf rl-og)) (5)
Question| Question in  LLM/VLM | Hellinger vis.
While such a distance can be computed for any VLM in any | YPe mode_ — sensitivity
unsupervised case, the question that arises is whether the | Fragility :S afthis T fragile? 0:110 0:058
. . . . s a/this M T fragile? 0:103 0:054
dlsta'nce.correlates with .predlctlve pe_rformance. Smpe the Canahumanlift a/this T2 | 0:133 0:063
contribution of a VLM's visual branch is generally residual ability | Canahuman lift a/this M T? 0:124 0:055
(via cross-attention from the language branch), we posit | Afford- | How is a/the T typically| 0:575 0:223
that when answers differ between the visionless and vision- | ance used?
based conditions, the latter is likely more accurate. We | contain-| What might a/the T contain? 0:690 0:260
assess this hypothesis in Figii@using PaLl-X predictions ment | hatis something that typf- 0:570 0:235
. cally goes into a/the T?
on the labeled mqterlal test set (from Sect«ﬂob).. We nd . What items or substance0:731 0:236
signi cant correlation between the visual sensitivity metric might a/the T contain?
and gains in (supervised) soft accuracy. The correlation is Color | What color is athis T? 0:894 0:163
likely underestimated due to noise in the material labels— What color is a/thisM T? | 0:875 0:173

the vision-based material predictions are often justi ably
multi-modal (see Figur&b) whereas our labels are one-hot. between VLM and LLM mode responses.

Having shown its usefulness on material, we compute ou®ur analysis is useful not only to compare questions in
visual sensitivity metric when querying for other object aggregate, but also to highlight individual cases which merit
properties (Tabl&). We infer (i) binary properties such attention. For instance (in Figur&d & 7¢), it ags the

as fragility or lift-ability, (ii) open-vocabulary properties atypical material of a wooden sword or unexpected objects
such as color and affordance, and (iii) relations betweerontained in a cappuccino (marshmellows), which were
objects such as what a given object might contain. We ndevident only from visual context. Thus, the analysis could
that the standard deviation of Hellinger distances for anye instrumental in scaling VLM annotation to unsupervised
given question is indicative of the size of the output spaceases beyond the scope of human-powered validation.
(e.g., binary-response questions have the lowest spread).

We also nd thgt the mean of Hellinger Qistances_ growss  conclusions

as expected with the dif culty of answering questions in

visionless mode (e.g., color bene ts the most from VLM We explored the design space of VLM pipelines for caption-
mode). Lastly, we nd that providing more information in ing and open-vocabulary classi cation. We evaluated what
the question (both material and type rather than type alonéyLMs are sensitive to, including changes in object view,
consistently reduces the gap (i.e., mean Hellinger distancejuestion wording, prior inferences speci ed in the prompt,

8
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data in scaling VLM pipelines. Our outputs for Objaverse
are available on our project page, and promise to serve a
variety of applications (from retrieval to 3D generation and
physical simulation). We hope our evaluations and insights
also help shape VLM annotation pipelines in other contexts.

5.1. Limitations and Future Work

Difference in soft accuracy
(VLM vs LLM mode predictions)

ScoreAgg's reliability is based on using numerous overlap-
" ” Py Py " ping queries. Whgn there's d|SjO|pt coverage across queries,
Divergence between VLM and LLM mode predictions it will likely drop infrequent details to produce a globally
(Hellinger distance) consistent caption. If we applied it to non-overlapping pho-
(a) Gains in material prediction accuracy when the VLM  tos of a room (e.g., taken from the center) we can only
diverges from underlying language-only predictions. We  expect a high-level caption rather than a combination of
show all datapoints from the material validation set, witha  yetails across views. This limitation could be mitigated by
linear t to highlight the correlation. . - . .
_ N _ ‘ - increasing the eld of view to ensure overlap (e.g., taking
Pa‘L\ type: sword. Target material: wood. PaLI type: wpodcarvwng‘ Target material: wood. .
Hellinger distance (VLM vs LLM mode): 0.73 Hellinger distance (VLM vs LLM mode): 0.37 photos from the boundary Of the room) We saw in our usage
that ScoreAgg bene ts from aggregating over more VLM
queries (Figuréh). Hence, extra VLM compute could be
. L deployed to boost query overlap and nal accuracy.

. UM

probability

Another limitation concerns the aggregation function in2eq
The log-sum-exp (LSE) helps balance contradictory signals
o and produce a globally reliable response. It would need to
be modi ed if the goal was different—say if we wanted to

' detect whether a certain feature occurs in any view of an

) o object. In such cases, it might be appropriate to replace the
(b) Material predictions. We show outputs over 2% prob. LSE function with a max.

PalLl type: cappuccino PalLl type: pikachu
Hellinger distance (VLM vs LLM mode): 0.97 Hellinger distance (VLM vs LLM mode): 0.57
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Future generations of pretrained models might include

o - VLMs capable of processing multi-view images simulta-
ade neously to produce a global response. While this would be
® 4 o an interesting direction, there is still value in approaches

- M

probability

03

like ours: the ScoreAgg algorithm is transparent and helps
o mitigate black-box hallucination.

Before this work can be applied to object identi cation using
arbitrary images (e.g., from a mobile camera), it would be
useful to develop a measure of the marginal value of speci ¢
new views or object complexity as a whole. Nonetheless,
we hope our pipeline optimization approach will transfer to

Figure 7:Visual sensitivity measured as the divergence Scene understanding beyond digital 3D objects.
between VLM and LLM mode predictions. VLM mode
results are view-aggregated using ScoreAgg. Impact Statement
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(c) Containment predictions. We show outputs over 5% prob.

Our work allows using pretrained VLMs more accurately

for annotation tasks. It may reduce the need for compute re-

and access to the object's appearance. We introduced a@;rces spent on ne-tuning such models, a positive societal
algorithm (ScoreAgg) to marginalize over some of theseconsequence. On the ip side:

factors—akin to how humans might arrive at an inference _ S .
by examining an object from mu|t|p|e ang]es' If the aggre_\/\/hlle Increasing the rellablllty of our annotations was a key

gation is not visually grounded, we showed it hallucinatesfocus for us, any automated captioning system will exhibit
using a simple indicator. biases. Given the scale of the annotations we produce (350

_ ) million open-vocabulary responses), they may contain all
Score-aggregated annotations serve as reliable representgyys of content.

tions for downstream inference. Our unsupervised visual S .
sensitivity metric helps address the bottleneck of validationT he concern is heightened from our use of Objaverse—a

9



Leveraging VLM-Based Pipelines to Annotate 3D Objects

relatively new, under-explored set of object assets. They abstract scene graphs. Pnoceedings of the IEEE/CVF
were originally created and uploaded by 100K artists to the Conference on Computer Vision and Pattern Recognition
Sketchfab platformGiven their diverse origin, the assets (CVPR) June 2020.

may contain all kinds of content. Our annotations (for 764K

objects) will verbalize and re ect what is in the assets. ~ €hen, S., Zhu, H,, Chen, X., Lei, Y., Yu, G., and Chen, T.

End-to-end 3d dense captioning with vote2cap-detr. In
We include some of our annotations in the supplementary proceedings of the IEEE/CVF Conference on Computer
materials to help reviewers assess them (see Appéndix  vision and Pattern Recognitiopp. 11124-11133, 2023a.
for an outline). We ran the outputs through fPerspective
API to measure toxicity. Although we did not nd any Chen, X,, Djolonga, J., Padlewski, P., Mustafa, B., Chang-
concerning examples, the API may have missed them. pinyo, S., Wu, J., Ruiz, C. R., Goodman, S., Wang, X,
Tay, Y., et al. Pali-x: On scaling up a multilingual vision

If our annotations do get popularly used, we would cau- ; ; .
and language modehrXiv preprint arXiv:2305.185
tion users and highlight the need to review the captions. 2023b guag v prepri WV 6o

This could be undertaken in a community-driven way, but

remains impossible for individuals. Chen, X., Wang, X., Changpinyo, S., Piergiovanni, A.,
Padlewski, P., Salz, D., Goodman, S., Grycner, A,
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Leveraging VLM-Based Pipelines to Annotate 3D Objects

A. Outline

We attach the following les as supplementary materials:

1. PalLl captions for all of Objaverse.
2. PaLl VQA type annotations for all of Objaverse.
3.
4
all objects with their material labels.
5.
tion method.

6. Code diff for BLIP-2 to highlight our minimal changes

to generate outputs with scores and run in LLM mode

The Appendix is structured as follows—we provide model
and dataset details in SectioBsand C respectively. We
present a literature review in S& Then we present the
following extended results:

1. SectionE.1: VLM sensitivity to image and lighting
conditions or object texture.

2.
ples comparing CAP3D captions with ours (including

SectionE.2 statistics, word clouds, and more exam-

dataseti{uznetsova et al2020, we are not aware of any
other reason PaLl-X would be predisposed to predict object
labels accurately, especially on the long-tailed distribution
of Objaverse.

PaLl scoring is length normalized as originally described in

PaLl VQA material annotations for all of Objaverse. Eq 14 of VU et al, 2016 or coded in t5shere This is to
- Images showing our material validation set, presenting, o, ensure that longer outputs are not disadvantaged. We

kept the length norm parameter xed at= 0:6 and used

Python code for our score-based, multi-probe aggregajeta it beam searching sampling with 5 parallel decodings.

B.2. BLIP-2

As CAP3D did, we use BLIP-2 fronbAVIS (Li et al.,
20223, which is based on the widely used PyTotcmns-
formerslibrary. The model is appealing because it was
shown to perform better than 54x larger models on VQA
and image captioning. Its FlanT5 encoder-decoder back-
bone Chung et al.2022 was pretrained using the span
corruption objective (introduced in TRaffel et al, 2020),

then instruction- netuned for various language-based ques-
tion answering. The image encoder is a ViT-g/14 model, as

two objects that the CAP3D paper highlighted as fail-trained by EVA-CLIP Fang et al.2023.

ure cases).

. SectionE.3 predictions from all material inference
scenarios on 24 example objects.

. SectionE.4: probes on a xed set of objects to draw
qualitative insights on what factors affect VLM predic-
tions for a series of properties.

B. Model Details
We used the following VLMs off the shelf without tweaking:

B.1. PaLI-X

The model Chen et al.2023H is based on theaxformer
transformer Yaswani et al. 2017 library andt5x train-
ing/evaluation infrastructureRpberts et aJ.2022, both
written and released in jax-(ostig et al. 2018. The

Unlike PaLl-X components, BLIP-2's ViT was directly eval-
uated for object detection and instance segmentation on
LVISv1.0 (Gupta et al.2019. The authors highlighted
emergent capabilities on object-level instance segmentation;
their ViT classi ed 1200 LVIS categories as accurately as
the 80 COCO categories on which it was train€ar{g

et al, 2023. We expect BLIP-2 to exhibit some transfer to
Objaverse-LVIS. So it is surprising that PaLI-X outperforms
BLIP-2 nonetheless. Besides model size, a reason for the
performance gap could be that BLIP-2 operates with images
of size22#.

We tweaked BLIP-2's code slightly to (i) generate outputs
with accompanying scores, using existing functionality in
the transformers library; and (ii) optionally run in LLM
mode, by removing visual tokens from inputs to the trans-
former. We attach the diff for these changes, totaling 20

captioning- and VQA-tuned variants have a common AMines, inblip2-code_diff.txt

chitecture. Checkpoints and con gs for the 20B ULTay

et al, 2022 language backbone are separately available
here The language backbone relies on a SentencePiec,g'

tokenizer Kudo & Richardson2018 with vocab size 250K
availablehere The visual backbone for PaLIl-X (a ViT-22B
(Dehghani et a).2023) includes an additional OCR-based
classi cation pretraining task on WebLI imagesHen et al.
20239 beyond the original JFT-3B5un et al, 2017 Zhai

et al, 2022 image classi cation task.

During VLM training, the captioning and VQA variants
diverge in their image resolution§ {2 versus75¢) and
training task mixtures. While the VQA variant was partly
trained using the Object-Aware methd@i€rgiovanni et a.

Dataset Details
C.1. Objaverse Rendering

We downloaded 798,759 Objaverse GLB les and rendered
them using BlendeB:4 (Community 2018. We dropped
animated objects while rendering (to avoid misrepresenting
them by generating static-object captions). This produced
763,844 objects rendered from 8 different views, including
44,199 with LVIS categories.

Rendering processWe placed each object at the origin and
scaled its maximum dimension to 1. We then rotated the

20232 to detect or list object classes on the Openimages V4#amera ata xed height and distance to the origin, rendering
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images at azimuthal intervals of 45 degrees. To determinthat we included initially to increase matcRes

the camera height, we swept over a few_values of the pOIa'Fhe nal test set contains 860 objects spanning 58 classes,
angle w.r.t. the z-axis. We presented this sweep and other

. I " -with at least 3 objects per class, as shown in Figdire
rendering hyperparameters (such as lighting conditions) s o6 the attached lenaterial test set objects.

Table4 in the main text. pdf forimages of all objects in the test set.

Reproducing CAP3D views.CAP3D uses a distinct image Evaluation metric. Unlike in Sec3.2, we cannot rely on

rendering pipeline. While we render images ata xed cam-_. .~ " . ; 4

. : . similarity in text embedding space because materials can
era height, CAP3D images include top-down and bottoma ear close even when they are different (e.g. "wood" and
views of the object. Although we did not have access tq, PP y 9

Lo . etal" have a cosine similarity score of 0.408). So we look
their original images, we compared rendered images argg: exact string matches in the VLM responses
approximated their camera poses from Fig 23 in the CAP3 '
paper. By default, only views 1, 3, 5, and 7 (zero-indexedSee AppendixE.3 for examples of PaLI-X and BLIP-2
from our pipeline are comparable to 4, 3, 5, and 2 from thepredictions.
CAP3D pipeline. We remap CAP3D captions to align with
our view indices, and focus on the compatible viewpointsD_ Literature Review
when comparing captions.

D.1. Classic object recognition

C.2. Material Test Set Besl & Jain(1985 wrote an in uential survey scoping the

We took inspiration from the long-tailed distribution of LVIS ~eld of 3D object recognition. They de ned the task as
categories@upta et al.2019 to enumerate material classes follows: given a “list of distinguishable objects” and some
for our test set. To make the test as dif cult as possible’digitized sensor data corresponding to one particular, but
we included a range of materials with different propertiesarbitrary, eld of view”, to be able to answer whether any ob-
We included labels at different levels of speci city. We ject appears in the sensor data (and infer its location, count,
also included labels which are easily con ated (e.g., “coral',and 3D orientation). They assumed either range or intensity
“seashell', and “conch’). data (i.e., depth or RGB). The methods they surveyed pri-

. . marily relied on feature extraction to characterize objects
Recipe.Rather than label objects on our own, we searche%

. . e.g., dimensions, extreme points, and spatial relationships
thr_ough object tag_s_f_rom Objaverse for a _superset 0f122 m yetween object components), surfaces (e.g., curvature), or
terial !abels. .The initial _matches were nqlsy—the tags Oftenedges (e.g., parallel edge relationships).
contain spurious materials (because artists can add arbitrary
tags to optimize search engine visibility for their objects).Even modern methods tend to assume/retrieve a “list of
So we used a custom web app to accept or reject object-labdistinguishable objects”—for instancgareian et al(2021)
pairs from the initial matches. This helped preserve the nagxplored novel object detection using sparse bounding box
ural, long-tailed distribution of material tags in the datasetannotations, but relied on extensive image-caption data. Our
(that also re ects the real world). We dropped query termsapproach does not require any speci ed object classes—we
which returned too few/poor quality matcAhesin some  emphasize the ability to work with novel objects. (That said,
cases, we had to resolve multiple tag matches per object. Apne might argue that our list of distinguishable objects is
though this was an opportunity to test multi-label predictionbaked into the VLM's pretrained knowledge.)

(which our aggregate VLM pre(_jlct|ons dq famhtate),_for Our task is also different from the classical de nition in our
now we chose to focus on the primary/dominant material of

h obi Finall d dupli lab Iemphasis on multi-view consistency. Compared to classical
each object. Finally, we merged some near-duplicate [abelg, o1, 45 such as feature extraction and graphical represen-

IFull list of material tags we searched for, but dropped due totation, using a VLM does seem very black-box; but it is
insuf cient, ambiguous, or poor quality matches: “alcohol', “al- much less black-box than end-to-end learning, which would

loy’, ‘a}Iuminium foil',\‘ash', “ashes', :buckram', ‘caljvas', “carbon process all inputs (e.g., multi-view images) together.
ber', “carbon bre', “carbon- ber', “carbon- bre', ‘cashmere’,

“cellulose’, “chenille’, “chitin', “cloth’, “corduroy’, “corn’, “egg’, . .

‘eggs', ‘eggshell’, “feather’, ‘feathers', felt, *berglass',  ax', D-2. Dense object-centric tasks
\Igé‘er.', ‘|§vaﬁ1r:té',fylgéf'g,]rflergf/z’s',glri?npehslzgﬁ e?tar:f;h’ogkg;]t;,'.\fgm’k., Given real-world visual inputs, the task typically shifts to
“oil', “papyrus’, ‘parchment’, “pasta’, “pewter’, ‘platinum’, ‘ply’, S€gmentation or bounding box detectidte et al.(2021)
“plyboard', “pvc', “pyrex, ‘resin’, ‘suede’, “shell', “silk, “slate', survey a variety of deep learning approaches for 3D seg-
‘tartan’, “te on’, textile’, "titanium', "veggie’, ‘veggies". mentation from point clouds, voxels, meshes, or RGB-D. A

2Full list of materials we merged into other labels: “metallic’,
‘woollen’, “aluminium’, “tarp’, “shell’.
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Figure 8:0ur long-tailed material test set comprising 58 material classes (on the x-axis) and 860 objects.

recent work Koo et al, 2022 showed that part segmenta- Pretrained large models: With the advent of LLMs and
tion emerged using human text annotations to discriminat®LMs (Li et al., 2019 Radford et al.2021; Jia et al, 2021;
between related shapes; the work is evocative of image-texti et al., 2022k Alayrac et al, 2022 Chen et al.20239, it
contrastive learning which powers VLM training. Even became possible to derive interpretable solutions for arbi-
in 2D, object detection and tracking is an important probirary image-processing tasks. VISPRO&upta & Kemb-
lem for applications in robotics, augmented reality, or auhavi, 2023 used in-context learning to produce Python code
tonomous driving Yao et al, 2020. These applications typ- to invoke off-the-shelf vision models and image processing
ically bene t from slow changes in the view, object motion APIs. Their method worked well for 2D question answering.
relative to the scene, or availability of camera parameters.ViperGPT Suris et al.2023 also showed gains in reason-
Our task is salient in that it isolates an object and at'[emptisng atthe level O.f object attribut'es by decomposing queries
to generate annotations that are consistent w.r.t. all views 0|pto executable image-processing subroutines.

the object. Our focus on global annotation is different fromBut the use of foundation models remains limited in 3D do-

the local processing/dense spatial emphasis of segmentatianains.Hong et al.(2023 is one work which contends with

tracking, or bounding box detection. guestion answering and captioning in 3D. They propose to
train 3D VLMs by projecting 3D feature maps to 2D and
D.3. Language-based 3D tasks bootstrapping from a pretrained 2D VLM. Their focus on

training LLMSs to ingest point clouds as inputs is orthogo-

Captioning or question answering in 3D are nascent buf,| 15 our focus on pushing the performance of pretrained
growing elds. A substantial amount of work involves nav- models without ne-tuning.

igating environments to answer questio@o(don et al.
2018 or to nd speci ed objects (e.g., ObjectNaBgatra  In conclusion, applying pretrained models to 3D domains
et al, 2020). For observational settings, ScanQ®z(ima  remains under-explored. CAP3DU0 et al, 2023 was the

et al, 2022 is one dataset which tests object understandingnly suitable baseline for our work.

via question answering. But the dataset is limited to 800

rooms and 41k questions. It assumes RGB-D or point clougs . Extended Results

inputs rather than multi-view images.

o . . . E.1. Ablating Image and Lighting Conditions
Captioning 3D objects or scenes is also infrequently ex-

plored. One approactH@an et al, 2020 to caption 3D  So far we have assumed a given set of images per object.
shapes detected parts of an object across multiple view$hat is a limiting assumption for user-driven, real-time ob-
then translated a sequence of view-aggregated part featurigst annotation. In this section we explore VLM sensitivity
into a caption using an RNNChen et al(20233 proposed  to image and camera settings (such as lighting, poses) as
an approach for dense captioning that aims “to generateell as changes to the object's appearance (such as untex-
multiple captions per scene localized with their associatedured rendering). See Table

object regions.” While there's extensive work on 2D Cap'First, we are interested in how much VLMs and their under-

tioning using scene graph¥4ng et al, 2019 Chen et al. lying ViTs rely on texture to recognize objects versus shape

2020, and we have also seen methods for 3D scene gra Mermann et aJ202q Naseer et 22021 Dehghani et al.

Ln.ferte.ncehermen; Et al, 201? W‘Zldf et ggzozqt_, th? cotm— 2023. We render all objects without colors and lighting
klna 'log as not been explored for captioning to Our(using Blender's Workbench engine) to compare with the
nowledge. default appearances. The untextured images do hurt PaLl's

15



Leveraging VLM-Based Pipelines to Annotate 3D Objects

Table 3:CAP3D captions versus ours, compared on the frequency of satisfying undesirable criteri&), We use the

aggregate, post-processed captions in each case—CAP3D drops pre xes like "3D model of," whereas we remove suf xes

like "on a white background" from PaLl captions using Eq/Ve count captions that meet the listed criteria, then normalize
by the full size of Objaverse (798,759). We use case-insensitive keyword searches unless marked with an asterisk *.

Captions that... Cap3D | PaLl captions
Are missing/empty 17.17% | 4.37%
Contain undesirable keywords:

"object" 2.95% | 9.45%
"model" /"3D" 2.90% | 0.89%
"royalty-free" / "royalty free" 0.42% | 0.00%
"download" / "sale" 0.19% | 0.00%
*"OBJ"/"FBX"/"C4D"/ "Blender" / "Maya" (but not "Mayan")| 0.14% | 0.00%

Start with a word other than "a"/ "an" / "the" / “two" 32.59% | 5.79%

End with "background" or "background." 0.45% | 0.15%

type prediction performance but the effect is small enoughfable 4:VLM sensitivity to image conditions and object
to suggest that PalLl is largely shape-driven. appearance.We collect and score PaLl VQA type annota-

_ tions using cosine similarity on Objaverse-LVIS. All results
Another reason for the reduced impact of untextured ren e view-aggregated

dering is that a number of Objaverse models are already

untextured. We suspect that lighting conditions will make| PaLl VOA
a difference in recognizing these objects, because they afdlyperparameters type similarity score
prone to losing detail with brightness. We render all objects Object appearance

with three different scene lighting choices: (i) eight areal Texiured (Cycles) 0:593 0:290
lights and one ceiling light surrounding the object, (i) a sta yntextured (Workbench) 0549 0:289
tionary light placed higher than the camera’s initial position"Scene lighting

to enhance shadows, (iii) a moving backlight that follows| g round area lights 0:580 0:291
the camera as we move it. (i) and (iii)) ensure symmetry Stationary point light 0586 0291
of lighting across the eight views we render, whereas (i) camera backlight 0:593  0:290
makes an object look darker from “behind.” We nd these image background

intuitions do translate to slight performance gains in recog- gjack (0, 0, 0) 0:603 0:296
nizing objects. And for the same reasons, placing objects on grey (100, 100, 100) 0:612 0:294
dark backgrounds (rather than a constant white) also helpsyhite (255, 255, 255) 0:593  0:290

Lastly, we revisit our choice of camera poses for image Camera poses _
collection. Our aim was to encourage overlap in VLM | CAP3D (w/ top & bottom views)|  0:588 0:290

responses to ensure the most reliable responses can “win©urs (constant polar angle) 0:593 0:290
during aggregation. So we took images from regular yaw Camera polar angle

intervals on a circle around the object. But there are other 64 degrees 0:591 0:291

possible schemes, e.g., one might maximize the informa-68 degrees 0:593 0:290

tion content of each view by prioritizing atypical object | 72 degrees 0:593 0:290

views. CAP3D took this alternative approach, varying cam-

era height simultaneously with yaw to include top and bot-

tom views of the object. Though we didn't have access to , ) ,

the original images from CAP3D, we reverse-engineerec?z' Detailed Comparison with CAP3D

their camera poses, and found that our choice worked bettgfigure 10 extends Figurd from the main text, showing the

with our method. We also varied the free parameter in oupext 18 objects with the highest CAP3D caption blow-up.
choice, i.e., the polar angle at which the camera is placed

facing the object. This didn't make much difference. As discussed, the caption blow-up ratio is a precise indicator
but lacks recall. To focus on hallucination cases which are

On the WhOle, we found PaLl to be quite robust to the Visualnot p|Cked up by the b|ow_up ratio’ we show more examp|es

and image settings which affect object appearance. in Figure11. This gure visualizes single-view captions
from both pipelines to illustrate where the aggregates come
from. The last two rows of the gure present two speci ¢
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examples presented as failure cases in the CAP3D paper.

Finally, we plot word frequency clouds in FiguBeand

compute aggregate statistics in TaBlfor both sets of cap-

tions. While our pipeline is missing captions for 4% of

objects (mostly animations) which we dropped while ren- S glenerat%qeclt €~
dering, CAP3D is missing captions for 17% of Objaverseoou e pol,f’ Ject” bro""” object

. axe wooden o ““EEW geometrlc shapec
CAP3D's reason for dropping a signi cant fraction of ob- & p l C ‘t r' e p Ct u r e 3

]e(t brown image landscap:

ade blocks wooaen floor
€~ 5iece" wédd

black

iol

5 <&
jects was that they lacked “suf cient camera information forgg Seii"Oh red"object :ébw Yebuilding woodéh™ é
rendering” (see Sec 3.2 bfio et al.(2023). Nevertheless, =" e -Y-1a _object blackstagked topz
both pipelines have better coverage than artist-written tagg b1 [d1r g""con warie mchoUSE bUT 1T
or descriptions in the original dataset—those are empty fo S Rl iy, plciiabgect Nodsel
38% and 37% of all objects respectively. ggt??gcnt Eﬁ‘ﬂig r ay O bj jec Trop wooden

-8 wooden hlalrl\elldeo game 1ue m:ka&JiEéSEb%%}Cdlng é

. o —

E.3. Material Inference g, ngglgowgﬂngche? brlgkCte.r £ %;f’ =
We show material predictions under all inference scenario: - hbjoHls ﬁoodgo nstruct lOD O -t
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object cartoon

tion, view, or appearance of an object when predicting var :,L‘Jﬁﬁmsebyenow object arms outstretched
ious properties. We also observe an effect of object Siz(t nan head 8 11ght ‘Fixture rock sitting

though we kept it xed in our pipeline. (a) PaLl aggregate top captions.
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what prior inferences are speci ed. Sumgweﬁ‘fp ”ta%?e Lcjhrﬁpg building featur lng ¢
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e Y eaturin white wooden floor @
con dence in its responses on different objects. This coulc,building | roof“’-d JUCHEGIIAE I%( i Lo § -
provide signal for when we need to re ne predictions (€.9...; 41 aifcase -]

by asking more questions).

white yellow
hxmney

wooden house
ﬁ

S ma l pink purple h arémhlte lOW rrbvoly —
o S light white) SMel “s Sh eeatu“”g 3 grav}go%g%r&gig%r&%es
We nd PaLl-X surprisingly capable of describing what an eqlg ”hn:% bl W lt e small woode =
object might contain, even when the contained object Ll et . ue Foof et mffgi"?fr;«“
hidden or hypothetical (e.g., “money” in a “wallet” or “peo- ; %l n g ]_ g h t o
ple” in a “boat”). It is unclear whether the variance across =+ white square =+ giamilyln%?ﬁ’le .pink roof -
guestions here is due to signi cant changes in wording, ol Foof feat”””g- Wht]rt< S tsl (isns
the complexity of the knowledge we're probing. We ask a Sma h Q,U S @suspeﬁﬂgélcé’yﬂﬁgng
single question on object affordance—the space of possible o Hhite blackncue
responses and entropy of predictions are large even under a (b) CAP3D aggregate captions.
single question. The model appears to understand use ca
for all our objects.

SI‘—3|gure 9:Word clouds comparing PaLl and CAP3D cap-
tions based on word frequencyAtrticles and prepositions
Physical behavior.When it comes to physical properties, are dropped.

PaLl makes more mistakes. It knows that a “leather wallet”

can be molded but not crushed; that a “brick bakery” would

be hard to deform; that a rock can only be crushed. On the

other hand, it expects a “wood boat” or “snow globe*“ to
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be moldable by hand. It takes most objects to be fragilaising a visionless model.
(including a “soda can” or “remote control”) and incapable

of oating in water (with the obvious exception of a “boat”).

Interestingly, whether or not an object contains something

signi cantly changes the likelihood of its oating or sinking.

Lift-ability. When predicting if objects are liftable, we run
into the consequences of not controlling for object size. The
model is uncertain even in obvious cases like a “clay toy”
and “aluminum soda can.” These are both objects for which
the height was the maximum dimension; they take up more
vertical image space and possibly appear abnormally large to
the model. Though we could try aggregating/marginalizing
over varying-size renderings of an object, a better solution
might specify an object's scale (if available) to the model
explicitly.

Color and count. The model can express colors in words
correctly. It offers multi-color responses when there's a
mix of colors (e.g., “yellow and blue” for the clay toy).
When it comes to counting, PaLl can separate single objects
(count=1) with high precision. It also does reasonably for
disjoint objects. For busy scenes, it seems to get the scale
right—we even see the variance of its numerical responses
increase (e.g. the “banquet”).

Pose. An object appears in different poses to the model
across our rendered images (i.e., changes in view). We
test whether the model can tell the front of an object from
its back or side (Fid.4). This seems readily possible for
asymmetric objects, perhaps helped by the presence of facial
features in the case of the “lion”. For more symmetrical
objects like the “wallet”, the model can tell side views from
(squarely) front or back views, but is somewhat confused.

Shininess.Whether an object is shiny is a physical prop-
erty that follows from its type and material. This offers
an opportunity to assess whether VLMs are more sensitive
to their visual inputs or prompts. We take an object with
ambiguous shine, then vary the lighting conditions, camera
angle, and background image color (Big. We ask four
question variants specifying the object's type or material
in all combinations. We nd almost no effect of varying
the prompt in comparison to the effect of varying the image
settings. The “soda can” is described as shiny and dull in
equal measure across the appearance-varying probes.

Conclusion. Running multiple VLM probes and aggregat-
ing across them can be a powerful technique to uncover/deal
with VLM uncertainty. We can meaningfully marginal-
ize over views of an object (camera pose) or variations in
the question. But VLMs can be thrown off by visual fea-
tures (e.g., lighting, contrast, or object size) especially when
they're not relevant to the query. Such queries should be
decoupled from object appearance either by specifying more
relevant information in the prompt, or failing that, perhaps
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CAP3D (blow — up ratio 4.5) : A small
terracotta sculpture featuring a bird, a brown and
white vase with an animal head, and a broken
pottery piece with an animal design, accompanied
by a pot with a turtle, a terracotta fish head,
and a headdress with a bird, as well as a brown
and white ceramic bow! with a pattern.

Ours: a broken piece of pottery

CAP3D (blow — up ratio 4.4) : A collection
of objects including a pink and white makeup bag
with 'h o u g h' written on it, a red and white
cosmetic bag with 'h o u g h' and a pattern, a
white paper bag with a red and white logo, a red
and white eye mask with 'oh oh oh' written on it,
a model of a paper airplane, and British flag
printed eyeglasses case. Ours: a bag with a

british flag on it

CAP3D (blow — up ratio 4.2) : a green and
red visor, a black and green card holder with a

CAP3D (blow — up ratio 4.3) : a modern
white and brown stool, a brown and white lamp, a
white and black axe, a small building with a roof,

a toilet paper holder, a cliff with a building on
it, a lamp with a white and black base, and a wall
light with a white and rose gold finish.

Ours: a brown axe

CAP3D (blow — up ratio 4.2) : A drawing of
various figures featuring pink elements, including
a girl with a hat, a girl with a shirt, a pink and
yellow bird, a person with pink hair and yellow

CAP3D (blow — up ratio 4.3) : A collection
of drawings featuring various characters and
elements, including a man holding a penguin, a
bear with a heart, a face with a hat, a cat and
dog, a dragon with green and blue lines, a person
with a head, a tree and a flower, and a person
holding a stick. Ours: a child 's drawing

green card, a green, white, and red bracelet, a
white and green toaster, a green and black card, a
keyboard with a red and green button, and a green

and white phone with the word 'ji' on it.

Ours: a black object and a green object

eyes, a woman with pink hair, a pony with pink
hair, and a horse with pink and yellow scribbles.
Ours: a child 's drawing of a horse

CAP3D (blow — up ratio 4.1) : A collection
of silhouettes featuring a person with a bag, a
rabbit with purple eyes, a person with a purple
bucket, a witch's hat, a man in a suit, a person

CAP3D (blow — up ratio 4.1) : A collection
with a bat, a man in a robe, and a wizard with a

CAP3D (blow — up ratio 4.2) : a person with
green and blue hair, a vase with green and blue
flowers, a girl holding a stick, a man with a
green and red hat, a green and blue flower, a
horse with green and blue lines, a bird with green
and red feathers, and a person with green and blue

Ours: a toy airplane

lines. Ours: a bunch of green strings

of various vehicles, including a red and white tow

truck, a McLaren F1 car, a red and black go-kart,

a Mercedes McLaren F1 car, a model car, a red and
black race car, and a red and black scooter.

wand. Ours: a silhouette of a person
holding a purse

Figure 10:Comparison of view-aggregated captions from our pipeline versus the current SoTA, CAP3D, on objects
with the highest CAP3D caption blow-up ratios.We skip the three objects already presented irdrig
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CAP3D (blow — up ratio 4.1) : A collection
of drawings featuring a girl with a sun and kite,
a blue bird with words, a dragon with a sun, a
bird on a blue background, a bird flying over a
gray background, a giraffe with a blue and green
tail, and a blue and yellow butterfly.
Ours: a blue brush stroke

CAP3D (blow — up ratio 4.1) : A collection
of a wand with a flower, a sword with a star, a
key with a green flower, a wand with a bow and
arrow, a key with a flower, a wand with a yellow
stick, a stick with a crown, and a sword with a
yellow star. Ours: a stick with a crown on
it

&

CAP3D (blow — up ratio 4.1) : a green and
red box, a book with instructions, a green and
white tube with a plastic handle, a paper airplane
with green and pink stripes, a green and white
paper bag with a sticker, a plastic bag with a
pink and white flower, and a box with a green and
white label. Ours: a green and white object

CAP3D (blow — up ratio 4.0) : A collection
of objects including a marble-designed wallet, a
black phone case with a strap, a wooden phone case
with a black and brown design, a black phone
holder, a black wallet, a marble-designed card
holder, and a black iPad case with a strap.
Ours: a black object

CAP3D (blow — up ratio 4.0) : collection
featuring a pink and black girl with big eyes, a
white and pink ball with black wings, a pink pony
with black eyes, a white bird with a black tail, a
pink and black bird, a pink and blue bird with big
eyes, and a pink balloon with a black tail.
Ours: a cartoon bird flying in the air

CAP3D (blow — up ratio 4.0) : compilation
featuring a man riding a motorcycle, a hooded man
with a sword, a horse with a broken head, a
smashed piece of wood, a man with a gun on his
head, a car dashboard and steering wheel, a car
with a CD player, and a broken camera.
Ours: a car's dashboard and steering wheel

CAP3D (blow — up ratio 4.0):a bird on a
branch, a person holding a hat, a flower, a man
with a bird on his head, a person wearing a hat, a
man with a hat, a man holding a sword, and a
person with an eye on his head. Ours: a
child 's drawing of a man holding a flower

CAP3D (blow — up ratio 4.0) : a white and
red ball, a toy car, a circle with white, yellow,
and red colors, a small toy with a yellow hat, a
toy duck, a red and yellow toy, a toy airplane
with a red, yellow, and white umbrella, and a
cartoon character with a red hat and white
umbrella. Ours: a cartoon character with a
red hat

CAP3D (blow — up ratio 4.0) : A roll of
toilet paper, a roll of paper towels with a blue
and white design, a Syphon Fresh container, a

white plastic tube with a blue label, a white and
blue tube with a label, and a canister with a blue
and green design and baby wipes. Ours: a
can of camphor fresh foot protection

Figure 10:Comparison of view-aggregated captions from our pipeline versus the current SoTA, CAP3D, on objects

with the highest CAP3D caption blow-up ratios (contd.)
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CAP3D : a small oil lamp and light bulb.
Ours : a kerosene lamp (0.17), a kerosene lamp with a glass shade (0.10)

view 1 View 3 View 5 view 7
BLIP-2 (CAP3D): a small lamp with a blue glass base BLIP-2 (CAP3D): a 3d model of a light bulb BLIP-2 (CAP3D): a small glass lamp on a gray background BLIP-2 (CAP3D): a 3d model of an oil lamp
PaLI-X (ours): a kerosene lamp, score: -3.24 PaLI-X (ours): a kerosene lamp, score: -3.16 PaLI-X (ours): a kerosene lamp with a glass shade, PaLI-X (ours): a kerosene lamp with a clear glass shade,
score: -3.67 score: -3.68
CAP3D : A wooden bowl containing a piece of bread, a potato nearby.
Ours : a soap dish with a bar of soap on it (0.11), a soap dish with a bar of soap on top of it (0.07)
fo-
View 1 View 3 View 5 view 7
BLIP-2 (CAP3D): a wooden board with a loaf of bread on it~ BLIP-2 (CAP3D): a piece of wood with a piece of bread on it BLIP-2 (CAP3D): a loaf of bread on top of a wooden tray BLIP-2 (CAP3D): a wooden bow! with a piece of bread on it
PaLI-X (ours): a stone sitting on top of a wooden cutting PaLI-X (ours): a piece of wood with a stone on top of it, PaLI-X (ours): a soap dish with a bar of soap on it, PaLI-X (ours): a piece of soap sitting on top of a wooden
board, score: -3.37 score: -3.54 score: -2.82 cutting board, score: -3.89

CAP3D : render of a cluster of pink and white balloons and a pink flower bouquet.
Ours: a bunch of red grapes (0.29), a bunch of grapes (0.26)

g e

View 1 View 3 View s View 7
BLIP-2 (CAP3D): a bunch of pink and white balloons on a gray BLIP-2 (CAP3D): a bunch of pink balloons on a gray BLIP-2 (CAP3D): a bougquet of pink flowers on a gray BLIP-2 (CAP3D): a 3d rendering of a bunch of pink balloons
background background background PaLI-X (ours): a bunch of red grapes, score: -3.07
PaLI-X (ours): 3 bunch of purple grapes, score: -2.18 PaLI-X (ours): a bunch of red grapes, score: -2.09 PaLI-X (ours): a bunch of grapes, score: -221

CAP3D : a small village with a clock tower, windmill, water tower, lighthouse, and a house on an island.
Ours : a tower with a crane (0.19), a tower with a crane on it (0.13)

PLL L

View 1 view 3 View s view 7
BLIP-2 (CAP3D): a 3d model of a small house with a red roof BLIP-2 (CAP3D): a 3d model of a small windmill an a small BLIP-2 (CAP3D): a 3d model of a small water tower BLIP-2 (CAP3D): a 3d model of a windmill on a smallisland
PaLI-X (ours): a tower with a red roof on a small island. island PaLI-X (ours): a tower with a red roof, score: -4.30 PaLI-X (ours): a house with a crane, score: -3.94
ore: -3.74 PaLI-X (ours): a tower with a crane, score: -4.02

Figure 11:Comparison of captions from our pipeline versus the current SOTA, CAP3DBesides the aggregates, we also
show view-speci ¢ captions from the underlying VLMs (PaLl-X and BLIP-2).
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CAP3D : a blue dragon on a rock formation with surrounding elements like a butterfly, girl, flowers, and water.
Ours : a black and blue object (0.08), a dragon flying over a pile of rocks (0.07)

View 1 View 3 View 5 View 7
BLIP-2 (CAP3D)- a 3d model of a butterfly on a rock BLIP-2 (CAP3D): a 2d model of a blue and white object BLIP-2 (CAP3D): a 2d model of a dragon with rocks and water BLIP-2 (CAP3D): a 2d model of a dragon on a rock
PaLI-X (ours): a drawing of a person standing on a pile of PaLI-X (ours): a statue of a dragon on a rock, score: PaLI-X (ours): a computer generated image of a tornado, PaLI-X (ours): a dragon on a rock formation, score:
rocks, score: -527 415 score: -5.15 521

CAP3D : a house with a hole and window, a boat in a field, a mud house, a dump truck, a wooden boat, and a rusted car.
Ours : a wooden box (0.12), what appears to be the inside of a boat (0.10)

View 1 View 3 View 5 View 7
BLIP-2 (CAP3D): a large truck is sitting on top of a gray BLIP-2 (CAP3D): a 3d model of a house in the middle of a BLIP-2 (CAP3D): a 3d model of a wooden boat in a gray BLIP-2 (CAP3D): a 3d model of a small house
background field backgreund PaLI-X (ours): a wooden box, score: -4.54
PaLI-X (ours): a piece of broken furniture, score- PaLI-X (ours): a hole in the ground with a ladder in it. PaLI-X (ours): what appears to be the inside of a boat,
417 score: -4.85 score: 481

Figure 11:Comparison of captions from our pipeline versus the current SoTA, CAP3D (contd.)The last two rows
were described as failure cases for CAP3D in that paper.
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Table 5:Material prediction examples on 12 categories from our custom test setWe show predicted distributions from
both VLMs (PaLl-X and BLIP-2) and all ve sets of inputs described in 8eEor brevity, only the top two outputs from
each predicted distribution are presented, along with their probabilities in parentheses. tWgsus® tpai to denote
the type annotationgy to denote all object views,im (fj:) to denote a predicted distribution, andto denote the true
material.

m

tcap3d

tpali

ppali (mjtcap3d)
Ppaii (Mjtpaii )
ppali (mjA)

Ppaii (Mjtcapad; A)
Ppai (Mjtpaii ; A)
Polip (mjtcade)
Poiip (M]tpaii )

Poiip (MA)
Polip (ml_tcap3d; A)
Poiip (Mjtpai ; A)

“glass”

“hat and a jar, both with ropes tied around them”
“potion”

“cotton” (0.64), “can't tell” (0.36)

“potion” (0.35), “glass” (0.27)

“cork” (0.45), “glass” (0.19)

“burlap” (0.44), “canvas” (0.30)

“glass” (0.67), “cork” (0.17)

“straw” (0.49), “plastic” (0.33)

“a tainted potion made of a tainted potion and a tainted
potion” (0.77), “a tainted potion made of a tainted potion,
and a tainted poti” (0.14)

“wood” (0.83), “rope” (0.10)

“wood” (0.68), “leather” (0.13)

“wood” (0.95), “stone” (0.04)

m

tcap3d

tpali

Ppali (mjtcap3d)
Ppali (Mjtpaii )
ppali (I’th)

Ppaii (Mjtcapad; A)
Ppati (Mjtpaii ; A)
Polip (mjtcapsd)
Poiip (M]tpaii )

Poiip (MJA)
Polip (ml_tcap3d; A)
Poiip (Mjtpai ; A)

“glass”

“light bulb”

“light”

“glass” (0.77), “ lament” (0.11)

“glass” (0.58), “light-emitting diode,LED” (0.13)
“glass” (0.41), “brass” (0.19)

“glass” (0.60), “porcelain” (0.13)

“glass” (0.51), “ lament” (0.14)

“glass” (0.52), “ lament” (0.29)

“light-emitting diodes” (0.73), “light-emitting diodes
(LEDs)” (0.20)

“metal” (0.30), “3ds max” (0.22)

“metal” (0.84), “gold” (0.13)

“metal” (0.78), “gold” (0.14)

m

tcap3d

tpali

Ppali (mjtcade)
Ppaii (Mjtpaii )
ppali (mjA)

Ppaii (Mjtcapad; A)
Ppati (Mjtpaii ; A)
Polip (mjtcapsd)
Poiip (Mjtpaii )
Poiip (MjA)

Polip (Mjtcapsd; A)
Poiip (Mjtpaii ; A)

“porcelain”

“blue and white vase featuring a dragon design”
“vase”

“ceramic” (0.38), “porcelain” (0.34)
“ceramic” (0.35), “glass” (0.31)

“faience” (0.62), “porcelain” (0.14)
“ceramic” (0.38), “porcelain” (0.32)
“faience” (0.44), “ceramic” (0.24)
“porcelain” (0.65), “Chinese celadon” (0.32)
“Porcelain” (0.86), “terracotta” (0.09)
“porcelain” (0.83), “ceramic” (0.08)
“porcelain” (0.88), “china” (0.12)
“porcelain” (0.80), “china” (0.07)
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m
tcap3d

tpali

Ppali (mjtcap3d)
Ppali (Mjtpaii )
Ppaii (MjA)

Ppali (mjtcap3d;A)
Ppaii (Mjtpai ; A)
Polip (Mjtcapsd)
Poiip (Mjtpaii )
Poiip (MjA)

Polip (mjtcade; A)
Polip (M]tpaii ; A)

Material prediction examples on each category from our custom test set (contd).

“porcelain”

“small white porcelain vase with colorful oral designs
onit”

“inkwell”

“porcelain” (0.29), “faience” (0.28)

“glass” (0.28), “porcelain” (0.24)

“faience” (0.88), “porcelain” (0.06)
“faience” (0.68), “porcelain” (0.15)
“faience” (0.71), “porcelain” (0.16)
“China” (0.58), “ceramic” (0.24)

“metal” (0.93), “metal or plastic” (0.06)
“porcelain” (0.99), “white porcelain” (0.01)
“porcelain” (0.80), “china” (0.12)
“porcelain” (0.94), “china” (0.04)

m

tcap3d

pali

Ppali (mjtcade)
Ppaii (Mjtpaii )
ppali (I’th)

Ppati (mjtcap3d;A)
Ppaii (Mjtpai ; A)
Polip (Mjtcapsd)
Poiip (Mjtpaii )
Poiip (MjA)

Polip (mjtcap3d; A)
Polip (M]jtpaii ; A)

“leather”

“armored leather gloves and a brown leather boot
“glove”

“leather” (0.83), “cowhide” (0.08)

“leather” (0.34), “cotton” (0.21)

“leather” (0.69), “armor plate,armour plate,armor plat-
ing,plate armor,plate armour” (0.08)

“leather” (0.80), “cowhide” (0.07)

“leather” (0.84), “nylon” (0.04)

“leather” (1.00)

“leather” (0.98), “neoprene” (0.02)

“leather” (1.00)

“leather” (1.00), “neoprene” (0.00)

“leather” (1.00), “neoprene” (0.00)

m

tcap3d

tpali

Ppali (mjtcap3d)
Ppali (Mjtpaii )
ppali (I’th)

Ppaii (Mjtcapad; A)
Ppaii (Mjtpaii ; A)
Poiip (mjtcapsd)
Poiip (M]tpaii )

Poiip (tjA)
Poiip (Mjtcapad; A)
Polip (Mjtpaii ; A)

“leather”

“round tan leather sofa-style dog bed with buttons”

“dog bed”

“leather” (0.70), “suede” (0.16)

“foam” (0.39), “cotton” (0.37)

“leather” (0.81), “upholstery” (0.08)

“leather” (0.87), “faux leather” (0.04)

“leather” (0.89), “faux leather” (0.04)

“faux leather” (0.87), “faux-leather” (0.13)

“a soft fabric, such as cotton, wool, linen, or a combi-
nation of the two” (1.00), “a soft fabric, such as cotton,
wool, linen, or a synthetic material, such as acetate or
polypropylene” (0.00)

“leather” (1.00)

“leather” (0.79), “3d model” (0.12)

“leather” (1.00)
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m

tcap3d

tpali

Ppali (mjtcapz’d)
Ppaii (Mjtpaii )
ppali (I’th)

Ppali (Mjteapad; A)
Ppaii (Mjtpai; A)
Polip (Mjtcapad)

Poiip (M]tpaii )
Poiip (MjA)
Polip (mltcade; A)

Polip (Mjtpai ; A)

Material prediction examples on each category from our custom test set (contd).

“oak”

“wooden staircase with metal railings”

“bannister”

“wood” (0.46), “steel” (0.19)

“wood” (0.80), “marble” (0.07)

“wood” (0.78), “timber” (0.06)

“wood” (0.46), “oak” (0.31)

“wood” (0.50), “metal” (0.26)

“awooden staircase with metal railings” (1.00), “a wooden
staircase with metal railings is called a balustrade” (0.00)
“wood” (0.73), “wooden” (0.27)

“wood” (0.99), “wooden railings” (0.00)

“wood” (0.98), “wooden staircase with metal railings”
(0.02)

“wood” (0.97), “wooden” (0.03)

m

tcade

tpali

Ppali (mjtcap3d)
Ppali (Mjtpaii )
Ppaii (MjA)

Ppati (mjtcap3d;A)
Ppaii (Mjtpai ; A)
Polip (Mjtcapsd)
Poiip (Mjtpaii )
Poiip (MjA)

Polip (mjtcap3d; A)
Polip (M]jtpaii ; A)

“oak”

“small wooden table with two legs and a slanted top”
“trestle table”

“wood” (0.65), “oak” (0.24)

“wood” (0.88), “timber” (0.05)

“wood” (0.63), “oak” (0.15)

“wood” (0.43), “oak” (0.42)

“wood” (0.70), “oak” (0.20)

“trestle table” (0.80), “a trestle table” (0.20)
“wood” (0.98), “wooden trestle” (0.02)
“wood” (0.97), “wooden” (0.03)

“wood” (0.90), “solid wood” (0.09)

“wood” (0.99), “solid wood” (0.01)

m

tcap3d

tpali

Ppali (mjtcap3d)
Ppali (Mjtpaii )
ppali (I’th)

Ppaii (Mjtcapad; A)
Ppaii (Mjtpaii ; A)
Poiip (mjtcapsd)
Poiip (M]tpaii )
Poiip (MjA)

Polip (Mjtcapsd; A)
Polip (Mjtpaii ; A)

“metal”

“three-tier metal shelving unit”
“bookshelf”

“steel” (0.41), “metal” (0.29)

“wood” (0.91), “metal” (0.03)

“metal” (0.42), “steel” (0.36)

“steel” (0.49), “metal” (0.29)

“metal” (0.59), “steel” (0.20)

“steel” (0.99), “steel or stainless steel” (0.01)
“wood” (0.98), “reclaimed wood” (0.02)
“metal” (0.72), “steel” (0.21)

“black metal” (0.43), “steel” (0.32)
“metal” (0.68), “steel” (0.20)

m

tcap3d

tpali

Ppati (mjtcap3d)
Ppaii (Mjtpaii )
ppali (mjA)

Ppaii (Mjtcapad; A)
Ppati (Mjtpaii ; A)
Polip (mjtcap3d)

“metal”

“yellow re hydrant”

“re hydrant”

“metal” (0.37), “steel” (0.24)

“metal” (0.32), “steel” (0.25)

“iron” (0.31), “metal” (0.17)

“metal” (0.37), “steel” (0.19)

“metal” (0.32), “iron” (0.21)

“cast iron” (0.91), “cast-aluminum” (0.09)
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Poiip (Mjtpaii )

Poiip (MJA)
Poiip (mJ_tcap3d; A)
Polip (Mjtpaii ; A)

Material prediction examples on each category from our custom test set (contd).

“a re hydrant is a device used to extinguish a re.” (0.98),
“a re hydrantis a device used to extinguish a re by means
of a pressurized stream of water” (0.01)

“plastic” (0.35), “3ds max” (0.24)

“metal” (0.79), “plastic” (0.20)

“metal” (0.70), “plastic” (0.17)

m

tcap3d

tpali

Ppali (mjtcap3d)
Ppaii (Mjtpai )
Ppaii (MjA)

Ppali (Mjteapad; A)
Ppati (Mjtpai s A)
Polip (Mjtcapsd)
Poiip (M]tpaii )
Poiip (MjA)

Poiip (Mjteapsd; A)
Polip (Mjtpaii ; A)

“marble”

“white marble column”

“pedestal”

“marble” (0.75), “limestone” (0.09)
“marble” (0.44), “stone” (0.31)
“marble” (0.69), “stone” (0.17)
“marble” (0.73), “carrara” (0.10)
“marble” (0.67), “stone” (0.21)
“marble” (1.00)

“marble” (1.00)

“marble” (0.96), “wood” (0.04)
“marble” (0.73), “white marble” (0.27)
“marble” (0.95), “wood” (0.04)

m

tcap3d

tpali

Ppali (mjtcap3d)
Ppaii (Mjtpaii )
Ppaii (MjA)

Ppali (mjtcade;A)
Ppaii (Mjtpai ; A)
Polip (Mjtcapsd)
Poiip (Mjtpaii )
Poiip (MjA)

Polip (mjtcade; A)
Polip (M]tpaii ; A)

“marble”

“white marble skull”

“skull”

“marble” (0.79), “porcelain” (0.09)
“bone” (0.75), “bones” (0.09)

“clay” (0.35), “marble” (0.22)
“marble” (0.55), “clay” (0.20)

“clay” (0.33), “marble” (0.27)
“limestone” (0.68), “marble” (0.32)
“calcium phosphate” (0.83), “calcareous limestone” (0.08)
“marble” (0.81), “white marble” (0.10)
“white marble” (0.85), “marble” (0.07)
“marble” (0.43), “limestone” (0.36)

m

tcap3d

tpali

Ppali (mjtcapz’d)
Ppali (Mjtpaii )
ppali (I’th)

Ppali (Mjtcapad; A)
Ppaii (Mjtpaii ; A)
Polip (Mjtcapad)

Poiip (Mjtpaii )
Poiip (MjA)

Polip (mjtcade; A)
Polip (M]tpaii ; A)

“wood”

“small metal house with a roof and legs”
“birdhouse”

“aluminum” (0.48), “steel” (0.34)

“wood” (0.75), “clay” (0.10)

“wood” (0.42), “copper” (0.23)

“steel” (0.21), “iron” (0.19)

“wood” (0.61), “metal” (0.17)

“a styrofoam styrofoam styrofoam sty” (0.36), “a styro-
foam styrofoam styrofoam sandwich” (0.33)
“wood” (0.68), “Cedar” (0.31)

“metal” (0.86), “wood” (0.07)

“3d model” (0.59), “rusty metal” (0.21)
“metal” (0.61), “wood” (0.33)
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m

tcap3d

tpali

Ppali (mjtcapz’d)
Ppaii (Mjtpaii )
ppali (I’th)

Ppali (Mjteapad; A)
Ppaii (Mjtpai; A)
Polip (Mjtcapad)
Poiip (Mjtpaii )
Poiip (MjA)

Polip (mjtcade; A)
Polip (M]tpaii ; A)

Material prediction examples on each category from our custom test set (contd).

“wood”

“wooden rocking chair”

“rocking chair”

“wood” (0.58), “oak” (0.22)

“wood” (0.81), “wicker” (0.08)

“wood” (0.88), “rattan” (0.04)

“oak” (0.40), “wood” (0.22)

“wood” (0.93), “mahogany” (0.02)

“wood” (0.96), “rattan” (0.04)

“wood” (0.97), “wooden rocking chair” (0.03)
“wood” (0.98), “wooden” (0.01)

“wood” (0.96), “wooden rocking chair” (0.04)
“wood” (1.00), “wooden rocking chair” (0.00)

m

tcap3d

tpali

Ppali (mjtcap3d)
Ppaii (Mjtpaii )
ppali (mjA)

Ppaii (Mjtcapad; A)
Ppaii (Mjtpai ; A)
Polip (mjtcade)
Poiip (M]tpaii )

Poiip (mJ:A)
Poiip (Mjtcapad; A)
Polip (Mjtpaii ; A)

“ceramic”

“terracotta bowl with a curved top, at bottom”
“tray”

“ceramic” (0.40), “stoneware” (0.25)

“wood” (0.28), “ceramic” (0.24)

“clay” (0.33), “stoneware” (0.28)

“clay” (0.47), “ceramic” (0.18)

“clay” (0.41), “stoneware” (0.19)
“earthenware” (0.55), “terracotta” (0.31)
“stainless steel” (1.00), “stainless steel or stainless steel-
alloys” (0.00)

“clay” (0.92), “terracotta” (0.05)

“clay” (0.64), “terracotta” (0.35)

“clay” (0.94), “terracotta” (0.05)

m

tcap3d

tpali

Ppati (mjtcap3d)
Ppaii (Mjtpaii )
ppali (mjA)

Ppaii (Mjtcapad; A)
Ppati (Mjtpaii ; A)
Polip (mjtcade)
Poiip (M]tpaii )
Poiip (MjA)

Polip (Mjtcapsd; A)
Polip (Mjtpaii ; A)

“ceramic”

“vase with two handles and intricate designs”
“ug”

“ceramic” (0.38), “porcelain” (0.27)

“glass” (0.56), “porcelain” (0.17)

“stoneware” (0.29), “clay” (0.23)

“clay” (0.36), “pottery” (0.27)

“ceramic” (0.29), “clay” (0.27)

“Chinese celadon” (0.97), “Chinese lacquerware” (0.02)
“clay” (0.87), “tin” (0.13)

“clay” (0.73), “ceramic” (0.27)

“clay” (0.76), “ceramic” (0.24)

“clay” (0.87), “ceramic” (0.13)

m
tcap3d

tpali

Ppati (mjtcap3d)
Ppaii (Mjtpaii )
ppali (mjA)

Ppaii (Mjtcapad; A)
Ppati (Mjtpaii ; A)
Polip (mjtcap3d)
Poiip (M]tpaii )
Poiip (MjA)

“gold”

“gold ower ring featuring a yellow and white ower
design”

“hair slide”

“gold” (0.74), “sterling silver” (0.09)

“plastic” (0.44), “rubber” (0.24)

“gold plate” (0.33), “brass” (0.31)

“gold” (0.40), “brass” (0.24)

“brass” (0.23), “metal” (0.23)

“14K yellow gold” (0.35), “18k white gold” (0.34)
“plastic” (0.88), “acetate” (0.12)

“gold” (0.65), “metal” (0.32)
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Poiip (Mjtcapad; A)
Polip (Mjtpaii ; A)

Material prediction examples on each category from our custom test set (contd).

“gold” (0.59), “3d model” (0.15)
“gold” (0.72), “metal” (0.22)

m

tcap3d

tpali

Ppati (mjtcap3d)
Ppaii (Mjtpaii )
ppali (mjA)

Ppaii (Mjtcapad; A)
Ppati (Mjtpaii ; A)
Polip (mjtcap3d)
Poiip (M]tpaii )

Poiip (MA)
Polip (mltcap3d; A)

“gold”

“gold Egyptian cat ring”

“ring”

“gold” (0.68), “gold plate” (0.11)

“gold” (0.74), “brass” (0.10)

“gold” (0.63), “gold plate” (0.20)

“gold” (0.78), “brass” (0.10)

“gold” (0.82), “brass” (0.09)

“gold” (1.00), “gold-plated tibetan calfskin” (0.00)
“precious metals, such as gold, silver, platinum, palladium,
and rhodium” (0.93), “precious metals, such as gold, silver,
platinum, palladium, rhodium, and tin” (0.03)

“gold” (1.00), “gold 3d printed” (0.00)

“gold” (0.90), “3d printed” (0.10)

Poiip (Mjtpai ; A) “gold” (1.00)
m “rubber”
tcapad “tire”

tpali “tire”

Ppali (mjtcade)
Ppaii (Mjtpaii )
ppali (mjA)

Ppaii (Mjtcapad; A)
Ppati (Mjtpaii ; A)
Polip (mjtcapsd)
Poiip (M]tpaii )
Poiip (MjA)

Polip (Mjtcapsd; A)
Poiip (Mjtpaii ; A)

“rubber” (0.99), “rubber and steel” (0.00)
“rubber” (0.99), “rubber and steel” (0.00)
“rubber” (0.96), “blacktop,blacktopping” (0.02)
“rubber” (0.97), “black rubber” (0.01)

“rubber” (0.97), “black rubber” (0.01)

“rubber” (0.90), “pneumatic tires” (0.09)
“rubber” (0.73), “Rubber” (0.27)

“rubber” (0.87), “black rubber” (0.10)

“rubber” (0.93), “black rubber” (0.06)

“rubber” (0.91), “black rubber” (0.09)

m

tcap3d

1:pali

Ppati (mjtcap3d)
Ppali (Mjtpaii )
ppali (mjA)

Ppali (mjtcap3d;A)
Ppati (Mjtpaii ; A)
Polip (mjtcap3d)
Poiip (M]tpaii )
Poiip (MjA)

Polip (Mjtcapsd; A)
Polip (Mjtpaii ; A)

“rubber”

“green coiled cable with a white plug and attached earbud”
“hose”

“nylon” (0.44), “plastic” (0.36)

“rubber” (0.86), “plastic” (0.05)

“hose” (0.48), “rubber” (0.20)

“rubber” (0.38), “plastic” (0.19)

“rubber” (0.70), “plastic” (0.15)

“tin-alloy” (0.79), “tin-plated copper” (0.20)
“rubber” (0.95), “PTFE” (0.05)

“wire” (0.33), “metal” (0.26)

“te on” (0.92), “stranded copper” (0.05)
“plastic” (0.36), “pvc” (0.23)
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m

tcap3d

tpali

Ppali (mjtcapz’d)
Ppali (Mjtpaii )
ppali (I’th)

Ppali (mjtcap3d;A)
Ppali (m_jtpali A)
Polip (Mjtcapsd)

Poiip (Mjtpaii )
Poiip (MjA)

Poiip (Mjteapsd; A)
Polip (Mjtpai ; A)

Material prediction examples on each category from our custom test set (contd).

“cardboard”

“stack of brown cardboard boxes with white tape on them”
“packing box”

“cardboard” (0.64), “paper” (0.30)

“cardboard” (0.74), “paper” (0.13)

“cardboard” (0.52), “cellulose tape,Scotch tape,Sellotape”
(0.17)

“cardboard” (0.67), “paper” (0.13)

“cardboard” (0.82), “corrugated cardboard” (0.06)
“shipping cartons” (1.00), “a receptacle for the shipment
of goods” (0.00)

“cardboard” (0.65), “paper” (0.27)

“cardboard” (1.00), “styrofoam” (0.00)

“cardboard” (0.96), “3d model” (0.01)

“cardboard” (0.99), “paper” (0.01)

m

tcade

tpali

Ppali (mjtcap3d)
Ppali (Mjtpaii )
Ppaii (MjA)

Ppati (mjtcap3d;A)
Ppaii (Mjtpai ; A)
Polip (Mjtcapsd)
Poiip (Mjtpaii )
Poiip (MjA)

Polip (mjtcap3d; A)

Polip (Mjtpaii ; A)

“cardboard”

“cardboard Amazon robot toy with logo”

“carton”

“cardboard” (0.57), “paper” (0.32)

“cardboard” (0.47), “paper” (0.45)

“cardboard” (0.80), “carton” (0.13)

“cardboard” (0.73), “carton” (0.10)

“cardboard” (0.85), “corrugated cardboard” (0.06)
“cardboard” (0.99), “acetate” (0.01)

“paper” (0.75), “paperboard” (0.25)

“cardboard” (1.00)

“cardboard” (1.00), “cardboard, cardboard boxes, card-
board boxes, cardboard boxes, cardboard boxes, card-
board boxes, cardboard boxes, cardboard boxes, cardboard
boxes, cardboard boxes, cardboard” (0.00)

“cardboard” (0.99), “paper” (0.01)

m

tcap3d

tpali

Ppali (mjtcap3d)
Ppaii (Mjtpai )
Ppaii (MjA)

Ppali (Mjteapad; A)
Ppati (Mjtpaii s A)
Polip (Mjtcapsd)
Poiip (M]tpaii )

Poiip (MJA)
Poiip (mJ_tcapEd; A)
Polip (Mjtpaii ; A)

“plastic”

“large silver trash bag”

“garbage bag”

“plastic” (0.45), “aluminum” (0.35)

“plastic” (0.80), “polythene” (0.07)

“garbage” (0.45), “plastic” (0.42)

“plastic” (0.66), “cellophane” (0.13)

“plastic” (0.83), “polythene” (0.06)

“plastic” (0.97), “woven polypropylene” (0.03)
“plastic” (1.00), “a polyethylene terephthalate (PET) Im”
(0.00)

“black plastic” (0.67), “3ds max” (0.15)
“plastic” (0.83), “black plastic” (0.11)

“plastic” (0.60), “black plastic” (0.38)
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Material prediction examples on each category from our custom test set (contd).

m
tcap3d

tpali

Ppali (mjtcapz’d)
Ppaii (Mjtpaii )
ppali (I’th)

Ppali (Mjteapad; A)
Ppaii (Mjtpai; A)
Polip (Mjtcapad)
Poiip (Mjtpaii )
Poiip (MjA)

Polip (mjtcade; A)
Polip (M]tpaii ; A)

“plastic”

“blue plastic bowl with a lid”
“washtub”

“polypropylene” (0.53), “plastic” (0.47)
“porcelain” (0.56), “ceramic” (0.35)
“plastic” (0.65), “polypropylene” (0.18)
“polypropylene” (0.58), “plastic” (0.24)
“plastic” (0.78), “polypropylene” (0.10)
“borosilicate glass” (0.97), “PP (Polypropylene)” (0.02)
“plastic” (0.90), “tin” (0.10)

“plastic” (1.00), “polygons” (0.00)
“plastic” (0.99), “polypropylene” (0.01)
“plastic” (1.00)
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Figure 12:Responses to various questions, on a xed set of objects, for a series of propertidap: type. Bottom:
material.
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Figure 12:Variations of questions per property for a xed set of objects (contd.)Top: containment. Bottom: affordance.
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Figure 12:Responses to various questions, on a xed set of objects, for a series of properties (confthp: deformability.
Bottom: fragility.
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Figure 12:Responses to various questions, on a xed set of objects, for a series of properties (conftop: oat-ability.
Bottom: lift-ability.
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Figure 12:Responses to various questions, on a xed set of objects, for a series of properties (contd.)
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Figure 13:Variations of questions to infer object count.We show the prior set of objects (above), then a set of multi-object
scenes (below).
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Figure 14:Pose inference We show eight views per object to the VLM, asking if it knows which side of the object is
visible in each view.
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Figure 15:How lighting/rendering settings affect the inference of shininesg-or a xed object, we vary the lighting or
camera height across columns, keeping the image background color xed. The rst column uses an area light under the
object. The second column uses surround lighting. The third and fourth column use the same camera backlight, but vary in

camera height.
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