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1. Benchmarking Dataset Discussion

1.1. Limitations of the HICO-DET Benchmark

Incomplete Annotation To understand why existing HOI
benchmarks fail to provide reliable evaluation for both
VLMs and HOI-specific models, we manually check the an-
notation quality of HICO-DET. Through this inspection, we
identify two major issues: information incompleteness and
annotation sparsity. These issues significantly impact eval-
uation correctness, especially for VLMs whose predictions
may be valid but absent from the ground-truth annotations.

The first type, information incompleteness, appears
when the visual or temporal evidence in a static image is
insufficient to determine the correct interaction, leading to
two issues in existing HOI benchmarks’ annotation. One
issue is that the available visual evidence suggests a rea-
sonable interaction, but does not provide enough visual in-
formation to confirm it. Fig. 2(a) is an example, where
inspecting a hair dryer is a plausible interaction, but the
static image alone is not enough to verify this. Because
such interactions are plausible but visually unconfirmed,
they are often considered as negatives in HICO-DET bench-
mark, although they are potentially valid interpretations.
The other issue is the inherently ambiguous temporal states
(e.g., catch vs. throw frisbee in Fig. 2(c)). These cases
arise when multiple actions are visually indistinguishable in
a single frame and only one of the plausible interactions is
annotated (e.g., HICO-DET). In our manual review of 200
randomly sampled images from the HICO-DET test set, 29
exhibited insufficient visual evidence and 12 exhibited am-
biguous temporal states (combined accounts for 20.5% of
the sampled images). These examples illustrate that such
ambiguities occur non-trivially in the existing HOI bench-
mark dataset, thus, affecting the evaluation when these im-
ages and their ground truths are used.

The second type, annotation sparsity, refers to missing

Figure 1. Comparison of HOI class frequency distributions be-
tween training and testing sets.

or partial labels in multi-person scenes or within individual
human–object pairs. In multi-person or multi-object cases,
annotations are often provided for only a subset of individ-
uals or objects, leaving other valid interactions unlabeled.
As shown in Fig. 2(d), the female sitting on the couch is an-
notated, while the male on the adjacent couch is not. In
Fig. 2(e), cut cake is labeled but cut with knife is miss-
ing. Sparsity also occurs within a single human–object pair
when multiple concurrent or semantically related actions
are possible but only a subset is annotated. For example,
in Fig. 2(f), flip skateboard is labeled, while other plausible
actions such as jump skateboard are not labeled. In our 200-
image check, 58 images (29%) contained unannotated per-
sons or objects, and 49 images (24.5%) contained incom-
plete action labels within annotated human–object pairs.
These observations highlight the prevalence of sparse an-
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notations that treat valid interactions as negatives, leading
to false negatives and incorrect evaluation.

Overall, these two categories reveal that HICO-DET
benchmark suffers from two fundamental sources of an-
notation noise: information incompleteness and annotation
sparsity. Together, they introduce evaluation bias and hin-
der fair comparison across methods, highlighting the need
for a benchmarking dataset that enables more reliable HOI
evaluation.
Similar Train and Test Splits Distribution Another issue
with HICO-DET is the nearly identical distribution between
its training and test splits (Fig. 1(a)). The KL divergence be-
tween the two splits is only 0.088, indicating that the test set
closely mirrors the training distribution. As a result, models
trained on this distribution may exhibit artificially high per-
formance. In contrast, the KL divergence between the train-
ing split and our redistributed test set increases to 0.629, in-
troducing meaningful variation without altering the inherent
long-tail nature of HOI classes in the real world. Our goal
is not to impose an artificial or unrealistic class distribution,
but to avoid a test set that is effectively a resampled copy of
the training distribution, thereby enabling a more reliable
evaluation.

1.2. Comparison with Existing HOI Benchmarks

In Table 1, we provide a systematic comparison of our
benchmark with existing HOI datasets across multiple di-
mensions. In HICO-DET [4], the majority of cases (60.2%)
involve a single person interacting with a single object,
which often results in relatively easy recognition. Our
main benchmark, constructed from HICO-DET, reduces
this proportion to 33.1%, thereby shifting the focus to-
ward more challenging multi-person scenarios. In addi-
tion, a key strength of our benchmark is the inclusion of
multi-person images with different interactions. While only
7.5% of HICO-DET and 22.5% of V-COCO [24] contain
such cases, our dataset increases this proportion to 31.2%,
providing a richer evaluation of compositional reasoning
across individuals. SWiG-HOI [34] and Bongard-HOI [14]
contain no such cases, because they only provide one an-
notated person for each image, in contrast to our bench-
mark’s focus on multi-person HOI scenarios. Beyond the
main benchmark, we create two sub-benchmarks focusing
on multi-person and human-human interaction scenes. On
the combined main and two sub-benchmarks, the proportion
of single-person single-object cases drops to 11.2%, while
multi-person different-HOI cases rise to 67.5%, which ex-
pands the diversity and difficulty of the evaluation.

Moreover, similar to existing HOI datasets, our bench-
mark remains compatible with HOI-specific methods, en-
abling evaluation under a unified protocol. While HOI mod-
els output a confidence score for every pre-defined HOI
class, practical applications always require a selection step

for final prediction, either via a threshold [19, 40] or by
choosing the top-ranked predictions [35], a common step
in HOI-specific inference pipelines. Although this selection
is not part of the standard HOI evaluation protocol (e.g.,
mAP), where all predictions are used directly for evaluation,
such a step is routinely applied in real-world HOI applica-
tions. In our evaluation, we adopt a top-K selection strategy,
which evaluates HOI-specific models in a practical way. In
addition, we also compare against threshold-based filtering
and find that the top-5 selection outperforms other choices
in Table 5 of the main paper. Importantly, this conversion
only selects the predicted classes before matching them to
each question choices, and does not alter model behavior,
as it simply aligns the output format for comparison.

Apart from supporting HOI-specific methods, our bench-
mark is explicitly designed to support general-purpose
VLMs, unlike HICO-DET, V-COCO, and SWiG-HOI. This
is achieved by framing the task as multiple-choice question
answering, naturally aligning with the input–output format
of modern VLMs. Bongard-HOI, although relevant for HOI
recognition, is limited to binary classification tasks (i.e., “is
this interaction present or not?”). Our benchmark instead
requires multi-class, multi-label prediction, reflecting the
true complexity of HOI understanding in realistic images.
Although there are some recent vision-language approaches
(e.g., DAM [31], COCONut-PanCap [10]) related to inter-
action understanding, they do not provide a unified eval-
uation protocol that can fairly compare VLMs with HOI-
specific detectors.

Taken together, our benchmarking dataset uniquely com-
bines the strengths of previous HOI datasets while address-
ing their shortcomings. First, our datasets reduces over-
simplified single-person cases, emphasizes multi-person
cases with different interactions, remains compatible with
HOI-specific methods, introduces explicit support for VLM
evaluation, and requires full multi-class HOI prediction.
This makes it the first benchmark to emphasize challenging
cases and enable comparison across both specialized HOI
models and general-purpose VLMs.
MCQA vs. Open-Set HOI Generation Our CrossHOI-
Bench adopts MCQA to make evaluation well-defined
across VLMs and HOI detectors. VLMs often generate
free-form text. Mapping free-form text to fixed HOI labels
is noisy and requires ad hoc rules. MCQA avoids this by
fixing the output space, while still testing visual grounding
among plausible interaction alternatives. We acknowledge
that MCQA is easier than fully open-set HOI generation,
so we treat it as a diagnostic benchmark, not a replacement
for open-set evaluation. In this sense, MCQA provides a
conservative test of interaction understanding: while strong
performance does not necessarily imply full open-set HOI
capability, poor MCQA performance is strong evidence that
the model struggles with the unconstrained setting.



(a)

Annotated HOI:
no interaction with hair
drier
Ambiguous negative:
inspect hair drier

(b)

Annotated HOI:
pet giraffe
Ambiguous negative:
inspect giraffe

(c)

Annotated HOI:
catch frisbee
Ambiguous negative:
throw frisbee

(d)

Annotated HOI:
sit on couch (female)
Missing HOI:
sit on couch (male)

(e)

Annotated HOI:
cut cake
Missing HOI:
cut with knife

(f)

Annotated HOI:
flip skateboard
Missing HOI:
jump skateboard

Figure 2. Illustration of HOI dataset annotation problems.

Dataset
Single-Person

Single Obj ↓ Multi-Person
Diff. HOI ↑ Applicable to

HOI methods
Applicable
to VLMs

Multi-Class
HOI Prediction

HICO-DET [4] 60.2% 7.5% ✓ ✗ ✓
V-COCO [24] 51.2% 22.5% ✓ ✗ ✓
SWiG-HOI [34] 62.2% 0.0% ✓ ✗ ✓
Bongard-HOI [14] 100.0% 0.0% ✓ ✓ ✗

Ours (main benchmark) 33.1% 31.2% ✓ ✓ ✓
Ours (main+ sub- benchmarks) 11.2% 67.5% ✓ ✓ ✓

Table 1. Comparison between existing HOI benchmarks and ours.

1.3. Dataset Construction Details

We construct our benchmarking dataset using a two-stage
approach: coarse screening and manual refinement. We re-
fer readers to Sec. 3.1 of the main paper for the full pro-
cess for coarse screening. The prompts used in the coarse
screening stage are provided later in Sec. 2.3. During the
manual refinement stage, we first remove overly simple
scenes that offer limited diagnostic value. As illustrated in
Fig. 3, cases such as multiple people riding bicycles un-
ambiguously or a person washing a toothbrush in a simple
background are straightforward. Therefore, these images
are excluded from our benchmark.

For the remaining questions, we then design more chal-
lenging choices. To create hard positives, we select the tar-
get person to perform interactions that differ from those of
surrounding individuals (e.g., “launch boat” in Fig. 4(a)).
In ambiguous temporal scenes, we allow multiple plausi-
ble actions to be simultaneously correct (e.g., both boarding
and exiting boat in Fig. 4(b)). We also include images with
people performing multiple actions that models might miss
some of these interactions, such as “load truck” and ”sit on
truck” in Fig. 4(c). To create hard negatives, we introduce
interactions performed by nearby people that could be mis-
takenly attributed to the target person (e.g., hold banana in
Fig. 4(d)), and we incorporate fine-grained distinctions be-
tween visually similar actions (e.g., repair vs. type on a

laptop in Fig. 4(e)).
In total, the manual refinement stage updated 1,956 out

of 5,096 total choices in our main benchmark, account-
ing for 38.39% of all choices and indicating a substan-
tial level of human correction. Among them, 460 updates
were made to positive choices (19.74% of all 2,330 posi-
tives). The remaining 1,496 updates correspond to negative
choices (54.10% of all 2,765 negatives). Four HOI-focused
annotators involve in the manual refinement and final de-
cisions are made by majority vote. The annotators follow
a shared guideline to independently verify coarse-screened
negatives and propose hard positives and hard negatives.
Inter-annotator agreement is high, with 95.22% mean pair-
wise agreement and 91.00% unanimous agreement across
all four annotators.

For the V-COCO-based sub-benchmark, we focus
specifically on multi-person scenarios, so we retain only im-
ages containing multiple people before applying the same
coarse screening and manual refinement. During refine-
ment, we add positive choices according to the predefined
HOI classes in HICO-DET, since the original V-COCO
benchmark includes only 24 action classes, which is insuf-
ficient for creating challenging choices. For the SWiG-HOI
sub-benchmark, we target human–human interaction sce-
narios, therefore we keep only images annotated with in-
teractions between pairs of humans. We then perform the
same coarse screening and manual refinement.



ride elephant ride bicycle fly kite jump horse wash toothbrush drink with bottle

Figure 3. Removed simple scenes from HICO-DET test set during manual refinement stage.

(a)

Hard positive:
launch boat
Hard negative:
sit on boat;
ride boat

(b)

Annotated HOI:
board boat
Hard positive:
exit boat

(c)
Hard positive:
load truck;
sit on truck

(d)

Annotated HOI:
inspect banana
Hard negative:
hold banana

(e)

Annotated HOI:
repair laptop
Hard negative:
read laptop;
type on laptop

(f)

Annotated HOI:
wash wine glass
Hard negative:
fill wine glass

Figure 4. Hard choices modified during manual refinement.

Mitigated Potential Artifacts or Bias During our dataset
construction, VLMs are only used to generate and coarsely
screen candidate negative options. They do not decide the
final Multiple-Choice Question Answering (MCQA) op-
tions in the benchmark. Every negative option that is kept
is checked by humans and must be judged invalid for the
image. This addresses the artifact concern that a negative
option is actually a valid interaction. As for the poten-
tial bias, where VLM-based coarse screening could change
which types of negatives enter the pool and thus affect task
difficulty or model rankings, Table 4 in the main paper pro-
vides evidence that the kept negatives are not just “VLM
opinions.” HOI-specific methods agree with VLM coarse
screened negatives at about 99% agreement, while VLMs
are at 95–97%. This suggests the negatives are generally
wrong, not just wrong according to the VLM.

1.4. Our Dataset Examples

Examples in Fig. 5 illustrate the main challenges our bench-
mark emphasizes. In multi-person scenarios (e.g., the surf-

board, frisbee, and cell phone related examples), different
individuals perform distinct interactions, which is poten-
tially confusing and leads to misattributing actions across
people. At the same time, certain single-person cases are
difficult due to either contactless interactions (e.g., peel ap-
ple) or visually similar categories (e.g., hold person vs. hug
person). As a result, our benchmark provides a challenging
evaluation of HOI understanding.

1.5. Our HOI Training Dataset

We primarily position our benchmark as an evaluation re-
source, with a central focus on zero-shot VLM perfor-
mance and unified comparison against HOI-specific meth-
ods. However, for completeness and to support future work
that adapts VLMs to HOI tasks, we also provide a standard-
ized training split constructed from the HICO-DET training
data. This split includes all three question types required
by our benchmark: (i) a Setting 1 question covering interac-
tions of all annotated people, (ii) a Setting 2 question focus-
ing on the target person, and (iii) an additional object detec-



Setting 1: 
First detect all persons, then Select interactions for the target person from choices [GT: A,B,C (hum.) | A,B (hum.-obj.)] 
Choices: (A) wield knife; (B) cut with knife; (C) cut banana; (D) peel banana
Setting 2:
Select interactions for the target person (box given) from choices [GT: A,B,C (hum.) | A,B (hum.-obj.)]
Choices: (A) wield knife; (B) cut with knife; (C) cut banana; (D) peel banana
Setting 3:Select interactions for all persons in the image from choices [GT: A,B,C]
Choices: (A) wield knife; (B) cut with knife; (C) cut banana; (D) peel banana

Setting 1:
First detect all persons, then Select interactions for the target person from choices [GT: A,C (hum.) | A,C (hum.-obj.)]
Choices: (A) catch frisbee; (B) spin frisbee; (C) throw frisbee; (D) hold frisbee
Setting 2:
Select interactions for the target person (box given) from choices [GT: A,C (hum.) | A,C (hum.-obj.)]
Choices: (A) catch frisbee; (B) spin frisbee; (C) throw frisbee; (D) hold frisbee
Setting 3:
Select interactions for all persons in the image from choices [GT: A,C]
Choices: (A) catch frisbee; (B) spin frisbee; (C) throw frisbee; (D) hold frisbee

Setting 1:
First detect all persons, then Select interactions for the target person from choices [GT: A (hum.) | A (hum.-obj.)]
Choices: (A) hold surfboard; (B) lie on surfboard; (C) stand on surfboard; (D) drag surfboard
Setting 2:
Select interactions for the target person (box given) from choices [GT: A (hum.) | A (hum.-obj.)]]
Choices: (A) hold surfboard; (B) lie on surfboard; (C) stand on surfboard; (D) drag surfboard
Setting 3:
Select interactions for all persons in the image from choices [GT: A,B]
Choices: (A) hold surfboard; (B) lie on surfboard; (C) stand on surfboard; (D) drag surfboard

Setting 1:
First detect all persons, then Select interactions for the target person from choices [GT: A,B (hum.) | A,B (hum.-obj.)]
Choices: (A) read cell phone; (B) hold cell phone; (C) repair cell phone; (D) talk on cell phone
Setting 2:
Select interactions for the target person (box given) from choices [GT: A,B (hum.) | A,B (hum.-obj.)]
Choices: (A) read cell phone; (B) hold cell phone; (C) repair cell phone; (D) talk on cell phone
Setting 3:
Select interactions for all persons in the image from choices [GT: A,B,D]
Choices: (A) read cell phone; (B) hold cell phone; (C) repair cell phone; (D) talk on cell phone

Setting 1:
First detect all persons, then Select interactions for the target person from choices [GT: A,B (hum.) | A,B (hum.-obj.)]
Choices: (A) hold person; (B) carry person; (C) hug person; (D) kiss person

Setting 2:
Select interactions for the target person (box given) from choices [GT: A,B (hum.) | A,B (hum.-obj.)]
Choices: (A) hold person; (B) carry person; (C) hug person; (D) kiss person
Setting 3:
Select interactions for all persons in the image from choices [GT: A,B]
Choices: (A) hold person; (B) carry person; (C) hug person; (D) kiss person

Setting 1:
First detect all persons, then Select interactions for the target person from choices [GT: C (hum.) | C (hum.-obj.)]
Choices: (A) hold apple; (B) cut apple; (C) peel apple; (D) no interaction with apple

Setting 2:
Select interactions for the target person (box given) from choices [GT: C (hum.) | C (hum.-obj.)]
Choices: (A) hold apple; (B) cut apple; (C) peel apple; (D) no interaction with apple

Setting 3:
Select interactions for all persons in the image from choices [GT: C]
Choices: (A) hold apple; (B) cut apple; (C) peel apple; (D) eat apple

Figure 5. Example questions in our benchmark under the three evaluation settings.

tion question for Setting 3. This results in 111,459 training
questions, offering a protocol for fine-tuning models.

1.6. Dataset Licenses and Release
Licenses We use the HICO-DET dataset [4], which is pub-
licly released under a CC0: Public Domain license. Our
sub-benchmarks also use V-COCO [24] (released under a

CC-BY license) and SWiG-HOI [34] (released under its
academic research license).

Data Release and Ethical Considerations We do not re-
lease any images or raw annotations from HICO-DET,
V-COCO, or SWiG-HOI. Our benchmark only provides
derived multiple-choice questions built on top of these
datasets. Each question references the original image in-



(a)
Target person HOI:

ride horse;
hug horse

VLM predictions:
hug horse

(b)

Target person HOI:
catch frisbee;
hold frisbee

VLM predictions:
catch frisbee

(c)

Target person HOI:
jump skateboard;

flip skateboard
VLM predictions:

jump skateboard
(d)

Target person HOI:
ride bicycle

VLM predictions:
ride bicycle;

wear backpack(×)

(e)

Target person HOI:
cut tie

VLM predictions:
cut tie;

wear tie (×)

(f)

Target person HOI:
row boat

VLM predictions:
row boat;

stand on boat (×)
(g)

Target person HOI:
drink with cup

VLM predictions:
drink with cup;
inspect cup (×)

(h)

Target person HOI:
cut banana

VLM predictions:
cut banana;

peel banana (×)

(i)

Target person HOI:
grind skateboard

VLM predictions:
flip skateboard (×)

(j)

Target person HOI:
ride elephant

VLM predictions:
ride elephant;

hop on elephant (×)

(k)

Target person HOI:
fly kite

VLM predictions:
fly kite;

launch kite (×)

(l)

Target person HOI:
hold cake

VLM predictions:
hold cake;

pick up cake(×)

Figure 6. Illustration of VLM (Qwen2.5-VL-32B) failure cases in Setting 1, where HOI-specific model (ADA-CM) predicts correctly.

dex and is derived from the HOI annotations provided in
the respective dataset, supplemented with minor modifica-
tions when needed to resolve annotation noise or include
additional HOI classes.

No images, bounding boxes, or HOI annotations are re-
distributed; users must obtain the original datasets sepa-
rately under their respective licenses. Since our release con-
tains only question–answer pairs and index mappings, the
risk of exposing personally identifiable information or of-
fensive content is minimal. All consent and licensing con-
siderations follow those of the original datasets, and no ad-
ditional consent verification is conducted beyond their offi-
cial releases.

2. Experiments
Baseline Details We evaluate two groups of baselines
on our benchmark: general-purpose VLMs and HOI-
specific methods. Recent large VLMs represent the fron-
tier of general-purpose image understanding. Qwen2-
VL, Qwen2.5-VL (7B / 32B) and Qwen3-VL-instruct [2]
are selected as they excel in fine-grained spatial local-
ization and visual reasoning, making them suitable for
HOI tasks. InternVL2.5 and InternVL3 (8B / 38B) [7,
36, 41] are included because they achieve leading perfor-
mance across diverse multimodal benchmarks and empha-

size high-resolution perception, which is relevant for rec-
ognizing human–object interactions. LLaVA-OV-7B [23]
is an instruction-tuned VLM designed for open-vocabulary
understanding demonstrating versatility and strong perfor-
mance across multiple vision–language tasks, making it a
relevant baseline for HOI evaluation.

For completeness, we additionally report supervised
fine-tuning results for Qwen2.5-VL-7B, providing a base-
line under a finetuned setup using our HOI training dataset
(see Sec. 1.5). We finetune the VLM using Low-Rank
Adaptation (LoRA) [13] applied to the text-decoder atten-
tion projection layers (query, key, value) and the final output
projection. Training is conducted for 5 epochs with a batch
size of 32.

Beyond VLM baselines, we also evaluate recent HOI de-
tection methods. ADA-CM [19], CMMP [22], LAIN [16]
and HOLa [18] demonstrate competitive performance on
the existing HICO-DET benchmark [4]. In addition, CMD-
SE [21] is a recent open-vocabulary HOI detection method
emphasizing generalization ability, achieving competitive
performance on SWiG-HOI [34] and HICO-DET bench-
marks. We use best-performing pre-trained checkpoints
when available, and otherwise reproduce results with the
authors’ code under the closest available configurations.
Specifically, ADA-CM, CMMP, and HOLa are evaluated



with the ViT-L vision backbone, while CMD-SE and LAIN
are based on ViT-B.

2.1. Additional Findings
Additional Finding 1: Analysis of VLM Failure Cases
To further understand the performance of VLMs and HOI-
specific models, we analyzed 200 failure cases of Qwen2.5-
VL-32B [2] in Setting 1, where the HOI model (ADA-
CM [22]) successfully produced the correct prediction but
the VLM failed. Here, we exclude the detection failure
cases, which is one of the limitations of VLMs shown in
Table 1 (main paper) and instead focus on the remaining
failure cases. We discuss the detection limitations of VLMs
in detail in paragraph Detection Limitations of VLMs. These
non-detection failure cases are grouped into four main cat-
egories.

1. Incomplete multi-action recognition (54% out of the
200 failure cases). The most frequent failure occurs when
the VLM predicts only a subset of multiple valid actions for
a human–object pair. For example, in Fig. 6(a), in an image
where a person is riding and hugging a horse, the model rec-
ognizes only riding but omits hugging. This suggests that
the VLM tends to capture a certain action while ignoring
concurrent interactions. In contrast, HOI-specific models
are less affected by this issue, largely because their train-
ing data include co-occurring action annotations. Through
supervised learning on such examples, HOI models implic-
itly learn that multiple actions can jointly occur on the same
human–object pair.

2. Cross-person HOI misattribution (16% out of the
200 failure cases). The VLM often misattributes the inter-
action of a surrounding person to the target person. When
multiple people appear in close proximity performing dif-
ferent actions, the global attention mechanism can mix the
features of nearby persons and assign the wrong action to
the target. As shown in Fig. 6(e), the model incorrectly pre-
dicts wearing a tie for the woman who is cutting the tie.
In contrast, HOI-specific models explicitly preserve spa-
tial topology through region cropping or query anchoring,
which alleviates such confusion.

3. HOI similarity confusion (13% out of the 200 fail-
ure cases). Another source of failure arises from visually
similar HOI classes. In many cases, two HOIs differ only
by subtle local cues that occupy a very small region of the
image (e.g., just a few dozen pixels in a 400×600 image).
For instance, in Fig. 6(g), when a person drinks from the
cup with their gaze directed toward the camera, the VLM
predicts inspect cup instead. These errors suggest that cur-
rent VLMs struggle with fine-grained visual discrimination,
which aligns with prior analyses showing VLMs have dif-
ficulty distinguishing categories that differ by subtle visual
or semantic differences [12, 38].

4. Hallucinated HOI inference (8% out of the 200 fail-

ure cases). Some failures occur when the image itself does
not provide sufficient visual evidence for the action. For
instance, in Fig. 6(j), when the image shows a person al-
ready riding the elephant, rather than mounting it, the VLM
predicts hop on elephant. Despite the absence of visual
cues, the VLM occasionally predicts hallucinated actions,
likely driven by language priors or common object–action
co-occurrence patterns. This behavior resembles the ob-
ject hallucination phenomenon reported in previous stud-
ies [6, 9], but here it reflects at the action level, where the
model infers plausible yet visually ungrounded interactions.
The HOI-specific model, relying on explicit region-level vi-
sual features, is less prone to such hallucinated inferences.

Additional Finding 2: Problems Persist in Both VLMs
and HOI-specific Models Although the previous fail-
ure analysis showed that HOI-specific models outperform
VLMs in four categories, we find that for two of them,
cross-person HOI misattribution and HOI similarity confu-
sion, HOI-specific models only partially alleviate the prob-
lem. In the following, we discuss why HOI models improve
these cases compared to VLMs, and why the problems still
persist.

Both types of errors originate from how VLMs represent
spatial structure and instance-level information. VLMs [2,
28, 41] encode an image as a flattened sequence of patch
embeddings, where global self-attention treats all tokens
uniformly. Although two-dimensional positional encodings
are included, instance-level associations, such as determin-
ing which hand belongs to which person, are only learned
implicitly rather than structurally enforced. As a result, to-
kens from nearby persons or objects can interfere, caus-
ing cross-person misattribution. Meanwhile, distinguishing
similar HOIs often depends on extremely sparse cues (e.g.,
hands or gaze direction in Fig. 6(e)-(f)), which account for
only a few patches. Because these cues are not explicitly
emphasized, the model relies purely on data-driven learn-
ing to capture them, which can be unreliable in practice.

HOI-specific methods mitigate these issues by explic-
itly preserving spatial topology and emphasizing local fea-
tures. Two-stage approaches [16, 17, 19] extract a two-
dimensional feature map after a Transformer encoder and
apply RoIAlign to crop human and object regions, iso-
lating instance-specific features and narrowing the search
space for fine-grained cues. One-stage transformer meth-
ods [15, 20, 26, 30] achieve a similar effect through object
queries that serve as implicit region anchors focusing on
distinct human–object pairs. However, these strategies only
partially solve the problem, because cropped regions may
still contain unrelated body parts, while query attention can
overlap when people are close. Moreover, the critical visual
cues for distinguishing actions may lie in extremely small
areas, such as a few pixels around the hand or gaze, making



these cues too localized to be consistently captured.
In our analysis of 200 multi-person cases where sur-

rounding individuals perform different actions, the VLM
(Qwen2.5-VL-32B [2]) resulted in 44 misattributed failure
cases (22%), while the HOI model (CMMP [22]) had 30
(15%). We further analyze 400 questions in the test set fo-
cusing on situations where the correct class is easily con-
fused with a semantically related one (e.g., “cut banana”
vs. “peel banana” in Fig. 6(h)). Among these questions, we
identify 110 HOI similarity confusions in total. Of these,
65 (59%) are made by the VLM and 57 (52%) by the HOI
model, with overlap where both models make the same con-
fusion. Both experiment results consistently indicate that
HOI-specific models alleviate, but do not eliminate errors
related to cross-person misattribution and fine-grained sim-
ilar HOI confusion.

Discussion: Why VLMs Outperform HOI Models in In-
teraction Understanding Although HOI-specific models
are designed for HOI detection, based on our experiment
results across different settings and benchmarks (main and
two complementary), we observe that VLMs often exhibit
stronger interaction recognition and contextual understand-
ing abilities. We hypothesize three potential factors behind
this advantage.

First, VLMs benefit from vastly broader and more di-
verse training data [11], including internet-scale image–text
pairs and instruction-tuned datasets covering a wide spec-
trum of visual reasoning and commonsense knowledge [8,
37]. In contrast, HOI datasets such as HICO-DET and V-
COCO contain (e.g., HICO-DET train set includes 38,118
images, V-COCO train set includes 5,400 images), which
are smaller than datasets VLMs trained on. Second, VLMs
possess far larger model capacities, often scaling to tens
of billions of parameters, which enhance their representa-
tional power and enable stronger cross-modal generaliza-
tion [5, 29]. Third, the generative nature of VLMs may in-
herently enhance image understanding and reasoning abil-
ity. Unlike HOI-specific discriminative models that map
vision features to fixed categories, the generative model-
ing principles in VLMs have been shown to drive scal-
ability, in-context learning, and compositional generaliza-
tion [1, 27], which likely contribute to their stronger con-
textual understanding [25]. However, each factor remains
an open question and requires future work to understand
their individual contributions.

Detection Limitations of VLMs The performance drop
from Setting 2 to Setting 1 highlights that VLMs are infe-
rior than at detection (e.g., Qwen2.5-VL-32B drops 16.6%
Instance-F1). When ground-truth boxes are provided in Set-
ting 2, VLMs can recognize interactions effectively, but
their performance drops significantly in Setting 1, where

detection must be performed by the VLMs themselves (Ta-
ble 1, main paper). HOI-specific methods, in contrast, in-
tegrate detection within their pipelines and therefore cannot
directly exploit ground-truth boxes, but under Setting 1 they
often perform competitively, sometimes surpassing even
large VLMs (e.g., ADA-CM achieves 13.6% higher Micro-
F1 than InternVL3-38B and 0.3% higher than Qwen2.5-
VL-32B). This indicates that detection remains a major bot-
tleneck for VLMs, while HOI-specific models strike a more
balanced trade-off between detection and recognition.

We conduct error analysis using Qwen2.5-VL-32B,
which achieves the highest performance in Setting 1 among
VLM baselines. As shown in Fig. 7, failures mainly occur
in multi-person scenes, where the VLM struggles to cor-
rectly localize individuals in crowded settings, and in oc-
cluded scenes, where heavy occlusion of the person leads
to missed or inaccurate bounding boxes. These cases show
that complex layouts and occlusions remain key challenges
for VLM detection.

MCQA Option Bias Analysis A potential concern with
multiple-choice evaluation is that VLMs may exploit
option-level shortcuts rather than genuine interaction un-
derstanding. To verify that CrossHOI-Bench does not in-
troduce such biases, we analyze the distribution of answer
positions and model predictions. As shown in Table 2, the
correct option position is randomized and approximately
uniform. Importantly, the prediction distributions of strong
VLM baselines do not align with the ground-truth distribu-
tion, indicating that the models are not exploiting positional
biases. We also use a fixed template for all options and con-
struct negatives with the same or closely related objects, so
models cannot win by option wording or object-only cues.

Statistical Significance Analysis For statistical signifi-
cance testing, we report 95% bootstrap confidence intervals
in Table 3, using 1,000 question-level resampling iterations
in Setting 1. This shows our results are statistically stable
despite the moderate test size.

2.2. Additional Results
Setting 2 Discussion Setting 2 is a diagnostic extension
of Setting 1. It tests whether VLM underperformance in
Setting 1 is mainly due to localization. We provide ground-
truth boxes, so detection failures are removed. This lets us
evaluate recognition in isolation. Most HOI methods cannot
be evaluated in Setting 2 with GT boxes: one-stage (end-to-
end) methods require joint detection, and among two-stage
methods, those relying on detector embeddings cannot op-
erate with GT-box input. However, Setting 2 is not used to
assess paradigm gaps, which are evaluated in Setting 1. For
completeness, we include two HOI methods (ADA-CM and
CMMP) that can accept GT boxes in Table 4. They improve



Multi-person Scenario

Occluded Scenario

Figure 7. Failure detection cases of the Qwen2.5-VL-32B model in Setting 3. The red box marks the target person specified in the question.
The first row shows failures in multi-person scenarios, while the second row shows failures under occlusion.

Choices A B C D A B C D
Qwen2.5-Vl-32B 0.20 0.15 0.27 0.38 GT 0.24 0.25 0.25 0.26

Internvl3-38B 0.27 0.25 0.26 0.22 GT 0.25 0.24 0.26 0.25

Table 2. Analysis of MCQA option bias. We report the distribution of predicted answer positions for two VLM baselines and compare it
with the ground-truth distribution. The approximately uniform ground-truth distribution and the mismatch with model predictions indicate
that the benchmark does not introduce positional bias.

over their Setting 1 results, but remain below the best large
VLMs.

VLM Zero-shot Evaluation with Off-the-shelf Object
Detector Since VLMs often struggle with reliable per-
son detection, we follow the two-stage HOI detection
paradigm [19, 32, 40] and leverage a widely used off-the-
shelf object detector, DETR [3] pre-trained on HICO-DET.
Table 5 shows that incorporating DETR helps improve
performance in the Setting 1 evaluation, though remains
lower than in Setting 2 due to detection errors. Among
small VLMs, Qwen2.5-VL-7B achieves the best overall
performance among most evaluation metrics, competitive to
SOTA HOI-specific methods. For large models, Qwen2.5-
VL-32B outperforms InternVL3-38B most of the time and
other VLMs included in the comparison. By comparing Ta-
ble 5 and Table 1 (main paper), we observe a clear perfor-
mance drop when VLMs perform detection on their own,
as opposed to relying on off-the-shelf detectors (i.e., +6.6%
Macro-F1 for Qwen2.5-VL-7B, +4.34% for Qwen2.5-VL-
32B, +19.92% for InternVL-8B and +8.35% for InternVL-
38B). This highlights that the detection capability of current
VLMs still lags behind that of specialized object detectors.

Prediction-Selection Strategies for HOI Methods Ta-
ble 6 compares two common prediction-selection strategies
for HOI detectors: selecting the Top-K predictions or ap-
plying a confidence threshold. We observe that Top-5 se-
lection consistently outperforms threshold-based filtering.
Applying confidence thresholds leads to substantial drops,
as stricter filtering removes many correct predictions and
severely hurts recall and F1. Table 7 further studies the ef-
fect of different K values. Increasing K from 3 to 5 signif-
icantly improves all F1 metrics, indicating that HOI models
often predict multiple valid interactions for a person–object
pair. However, increasing K to 10 introduces more false
positives: recall-related metrics such as Instance-F1 and
Micro-F1 continue to increase slightly, while EM begins to
decline. Overall, Top-5 provides the best balance between
recall and precision, and is therefore adopted in our main
evaluation.

Potential Circular Bias Analysis In the original dataset
construction, Qwen2.5-VL-32B was used in the Coarse
Screening stage to filter obviously invalid negative options.
Since the same model is also evaluated as a baseline, this
raises a potential circular bias: the benchmark may favor
Qwen models if the negative options were filtered using the
same model family during dataset construction. To exam-



Qwen2.5-VL-32B InternVL3-38B ADA-CM HOLa
Instance-F1 52.94 ± 2.12 38.68 ± 2.24 47.76 ± 2.32 47.12 ± 2.22
Macro-F1 50.71± 2.23 38.04 ± 1.91 43.02 ± 2.07 43.06± 2.15

Table 3. Statistical significance analysis. We report 95% bootstrap confidence intervals computed using 1,000 question-level resampling
iterations in Setting 1.

Method Macro-F1 (%) Instance-F1 (%) Micro-F1 (%) EM (%) Avg. Prec. (%) Avg. Rec. (%)

HOI-specific methods

ADA-CM [19] 48.89 56.25 67.19 21.74 73.11 62.16
CMMP [22] 49.04 55.10 65.85 19.78 70.90 61.47

VLM zero-shot evaluation

InternVL2.5-38B [7] 48.43 46.43 51.56 20.64 77.52 38.63
InternVL3-38B [41] 58.94 67.41 67.81 35.64 81.90 57.85
Qwen3-VL-30B-Instruct [2] 56.43 64.00 64.59 32.57 79.89 54.21
Qwen2.5-VL-32B [2] 62.90 69.52 70.69 35.01 75.30 66.61

LLaVA-OV-7B [23] 47.76 56.53 54.80 25.12 77.43 42.40
InternVL3-8B [41] 49.88 52.35 55.54 23.86 74.41 44.31
Qwen2-VL-7B [33] 46.90 53.93 53.61 23.23 76.84 41.16
Qwen2.5-VL-7B [2] 48.93 57.25 57.53 25.98 74.49 46.87

Table 4. Setting 2 experiment results comparison. Best performance within each group is highlighted in bold. “Avg. Prec.” and “Avg.
Rec.” denote the precision and recall averaged across the test set, respectively.

ine this effect, we construct a 12% random subset where
Qwen2.5-VL-32B is excluded from the coarse screening
step. Qwen2.5-VL-32B still achieves similar Setting-1 per-
formance on this subset (Table 8). We also re-evaluate the
main baselines on the same subset and observe similar rank-
ing trends. This indicates that Qwen’s performance and the
overall comparisons are not driven by a “Qwen-on-Qwen”
screening loop.

Evaluation for Target Human-Object Pairs Since we
require the model to recognize localized interactions for tar-
get person by default in Setting 1 and Setting 2, here we
provide the experiment results where models are required
to identify interactions for target human-object pairs. We
name these two settings as Extended Setting 1 and Ex-
tended Setting 2.

In Table 9, each model first detects all human and ob-
ject instances before predicting HOI classes. The Extended
Setting 1, therefore, requires comprehensive localization of
multiple objects and people in diverse scenes. The per-
formance drop observed across all VLMs highlights their
limited ability to perform reliable object detection. Even
though the object categories are predefined (the 80 object
classes from HICO-DET), large VLMs still struggle to con-
sistently identify all relevant objects. In contrast, HOI-
specific methods, which are trained jointly for detection and
interaction recognition, achieve improved performance in
this setting. These results indicate that while large VLMs
exhibit promising zero-shot learning ability, their object de-

tection remains a critical bottleneck for HOI detection.
We further leverage an off-the-shelf DETR model for ob-

ject detection, which is also commonly adopted by HOI-
specific methods [19, 39, 40]. With this detector, VLMs
perform substantially better than when detecting objects
by themselves, as shown in Table 9. However, smaller
VLMs still lag behind HOI-specific methods, and even large
models such as InternVL3-38B and Qwen2.5-VL-32B only
slightly outperform the best HOI-specific method in a few
metrics (e.g., Instance-F1, Macro-F1) while falling behind
in others.

Extended Setting 2 isolates the detection ability and fo-
cuses on localized human-object pair interaction recogni-
tion. However, compared with default Setting 2, the overall
performance of VLMs drops slightly when the target object
is specified, as shown in Table 10. This is because VLMs
tend to predict interactions involving non-target objects. For
example, when a person is sitting on a bench while hold-
ing a book, and the target object is bench, the model often
predicts both “sit on bench” and “hold a book”. Quanti-
tatively, such wrong-object predictions account for 11.60%
of all errors in InternVL3-38B and 9.51% in Qwen2.5-VL-
32B. This suggests that even with explicit object localiza-
tion cues, current VLMs struggle to restrict their predictions
to the intended target object.

Sub-benchmarks Evaluation The sub-benchmark ex-
periments extend our main evaluation by evaluating model
performance on the V-COCO-based and SWiG-HOI-based



Method Macro-F1 (%) Instance-F1 (%) Micro-F1 (%) EM (%) Avg. Prec. (%) Avg. Rec. (%)

HOI-specific methods

ADA-CM 43.02 47.76 61.69 19.15 76.25 51.80
CMMP 43.06 46.62 60.85 18.84 75.06 51.16
LAIN 41.28 45.64 59.09 19.31 73.42 49.44
HOLa 43.61 47.12 61.29 19.78 74.31 52.15
CMD-SE 47.49 44.66 58.71 20.33 78.33 46.96

VLM zero-shot evaluation (off-the-shelf object detector, DETR [3])

InternVL2.5-38B 48.12 46.69 52.26 21.04 78.25 39.23
InternVL3-38B 59.33 66.13 67.38 33.20 82.20 57.08
Qwen3-VL-30B-Instruct 57.05 63.55 64.91 31.95 80.32 54.46
Qwen2.5-VL-32B 61.59 67.29 69.48 31.79 74.65 64.98

LLaVA-OV-7B 47.03 55.55 54.68 24.18 78.43 41.97
InternVL3-8B 51.81 53.47 57.05 24.25 76.77 45.41
Qwen2-VL-7B 46.06 51.85 52.71 21.51 77.28 40.00
Qwen2.5-VL-7B 49.56 56.91 57.98 25.35 75.22 47.17

Table 5. Setting 1 experiment results comparison. VLM zero-shot evaluation is based on off-the-shelf detector (DETR) for object detec-
tion [3]. Results are grouped by VLM size (small vs. large). Best performance within each group is highlighted in bold. “Avg. Prec.”
means the precision averaged across test set and “Avg. Rec.” means the recall averaged across test set.

Method Top-5 Score ≥ 0.3 Score ≥ 0.5 Score ≥ 0.7

ADA-CM 47.76 33.84 24.31 14.26
CMMP 46.62 32.84 23.33 13.74
LAIN 45.64 30.96 21.10 10.44
HOLa 47.12 34.74 25.47 13.13
CMD-SE 44.66 39.95 35.00 29.05

Table 6. Comparison between Top-K selection and confidence-
threshold filtering for HOI-specific models under Setting 1
(Instance-F1).

Method Top-K Macro-F1 Instance-F1 Micro-F1 EM
ADA-CM Top3 35.17 40.86 54.77 17.58

Top5 41.53 47.74 61.68 19.07
Top10 46.30 50.58 63.50 15.54

CMD-SE Top3 31.35 37.67 51.19 15.86
Top5 47.49 44.66 58.71 20.33

Top10 46.35 48.14 61.93 17.26

Table 7. Effect of different Top-K values for HOI prediction se-
lection under Setting 1.

Coarse Screening Macro-F1 Instance-F1 Micro-F1 EM
w/o Qwen2.5-VL-32B 49.00 57.51 65.42 28.00
w/ Qwen2.5-VL-32B 46.77 56.33 63.87 29.33

Table 8. Ablation study on the effect of using Qwen2.5-VL-32B in
the coarse screening during dataset construction. The experiment
is conducted in a 12% random subset. “w/o Qwen2.5-VL-32B”
means that Qwen is not used for screening; “w/ Qwen2.5-VL-32B’
means that Qwen is used for screening.

subsets. These subsets emphasize distinct challenges:
V-COCO-based sub-benchmark focuses on multi-person

scenes, whereas SWiG-HOI-based one highlights human-
human interaction understanding. Table 11-15 display sub-
benchmark evaluations across baselines.

For HOI-specific models, sub-benchmarks serve as the
out-of-distribution evaluation, as we require one model to
be tested across our three benchmarks (one main bench-
mark based on HICO-DET and two sub-benchmarks based
on V-COCO and SWiG-HOI). All HOI-specific methods
evaluated on sub-benchmarks are pre-trained on HICO-
DET training dataset. Tables 11-15 show that HOI-specific
methods experience clear performance drop when evaluated
on the V-COCO– and SWiG-HOI–based subsets. The V-
COCO-based sub-benchmark has a larger label space after
we add additional HOI annotations based on HICO-DET
pre-defined classes (Original V-COCO only include 24 ac-
tion labels). For example, in Setting 1, CMMP decreases
from 46.62 Instance-F1 on the HICO-based main bench-
mark (Table 1 of main paper) to 28.39 on the V-COCO-
based sub-benchmark, an absolute drop of 18.23 points. In
contrast, CMD-SE decreases from 44.66 Instance-F1 (main
benchmark) to 7.37 on the SWiG-HOI sub-benchmark, a
much larger drop of 37.29 points. This pattern is consistent
across other settings. These numbers indicate that HOI-
specific models struggle with cross-dataset generalization,
suffering much larger performance drops on SWiG-HOI-
based sub-benchmarks, whose HOI class distributions and
interaction patterns differ more from those in HICO-DET-
based main benchmark.

VLMs, under zero-shot evaluation, demonstrate consis-
tent generalization across datasets, but they nevertheless
experience the largest performance drop on the V-COCO-
based sub-benchmark, posing the greatest challenge among



Method Macro-F1 (%) Instance-F1 (%) Micro-F1 (%) EM (%) Avg. Prec. (%) Avg. Rec. (%)

HOI-specific methods

ADA-CM 48.96 42.10 50.57 23.00 77.79 46.97
CMMP 49.01 41.03 57.66 22.92 77.20 46.01
LAIN 47.13 40.77 56.65 22.21 75.53 45.33
HOLa 48.96 41.68 58.16 23.23 76.01 47.10
CMD-SE 51.98 32.35 47.64 16.72 78.96 34.11

VLM zero-shot evaluation

InternVL2.5-38B 7.80 4.48 6.97 2.35 77.67 3.65
InternVL3-38B 21.35 16.50 24.69 8.79 78.87 14.64
Qwen3-VL-30B-Instruct - - - - - -
Qwen2.5-VL-32B 17.13 11.48 19.16 5.10 76.92 10.94

LLaVA-OV-7B - - - - - -
InternVL3-8B 3.07 0.55 0.45 0.08 83.33 0.23
Qwen2-VL-7B - - - - - -
Qwen2.5-VL-7B 13.49 10.21 14.88 4.71 68.54 8.34

VLM zero-shot evaluation (off-the-shelf object detector, DETR [3])

InternVL2.5-38B 46.64 34.59 42.52 16.95 78.34 29.18
InternVL3-38B 52.72 44.47 52.77 22.37 76.70 40.22
Qwen3-VL-30B-Instruct 49.17 42.55 49.95 20.17 73.80 37.76
Qwen2.5-VL-32B 53.03 45.56 54.89 21.11 71.61 44.51

LLaVA-OV-7B 45.77 38.15 42.30 18.29 74.40 29.55
InternVL3-8B 45.50 36.31 44.55 15.78 71.17 32.42
Qwen2-VL-7B 43.89 37.28 41.60 17.82 72.70 29.14
Qwen2.5-VL-7B 43.56 38.18 44.16 16.25 68.59 32.56

Table 9. Extended Setting 1 experiment results comparison, requiring detection for both humans and objects, and then predicting HOI
classes based on detected human and object boxes. Results are reported for VLMs and HOI-specific methods. Best performance within
each group is highlighted in bold. “Avg. Prec.” means the precision averaged across test set and “Avg. Rec.” means the recall averaged
across test set.

Method Macro-F1 (%) Instance-F1 (%) Micro-F1 (%) EM (%) Avg. Prec. (%) Avg. Rec. (%)

VLM zero-shot evaluation

InternVL2.5-38B 51.09 48.74 52.95 26.22 76.49 40.49
InternVL3-38B 58.02 65.20 65.92 34.30 76.58 57.87
Qwen3-VL-30B-Instruct 55.00 62.45 62.66 30.46 73.79 54.45
Qwen2.5-VL-32B 60.00 65.79 66.86 31.08 70.34 63.70

LLaVA-OV-7B 49.82 56.88 55.38 28.49 75.35 43.78
InternVL3-8B 53.27 53.62 56.46 24.96 71.28 46.74
Qwen2-VL-7B 48.24 54.23 53.39 26.06 72.33 42.32
Qwen2.5-VL-7B 48.86 55.98 56.32 26.37 70.43 46.92

Table 10. Extended Setting 2 experiment results comparison, with both human and object boxes provided from each question. Results
are reported for VLMs and HOI-specific methods. Best performance within each group is highlighted in bold. “Avg. Prec.” means the
precision averaged across test set and “Avg. Rec.” means the recall averaged across test set.

the three benchmarks. Detection-required settings amplify
this difficulty. In Setting 1, Qwen2.5-VL-7B drops from
30.53 Instance-F1 on the main benchmark (Table 1, main
paper) to 12.66 on V-COCO (-17.87), which is substan-
tially lower than its performance on SWiG-HOI (47.95).
This pattern becomes more noticeable in Extended Setting
1, where the requirement to detect both humans and objects

causes even large VLMs drop drastically. InternVL3-38B
falls from 16.50 Instance F1 on main benchmark to 10.07
on V-COCO (Table 12). These results highlight that scenar-
ios on V-COCO with multiple people and multiple objects,
significantly increase the difficulty of reliable person/object
detection for VLMs.

When detection is not required, most VLMs show a clear



(a) Pre-trained (b) SFT (Our train set)

Figure 8. Comparison among pre-trained Qwen2.5-VL-7B [2] and
SFT finetuned Qwen2.5-VL-7B on our train set. The blue his-
tograms indicate the binned class frequency in our training dataset,
while the red histograms present the recall rate. Head and tail
classes are defined by HOI class frequency in our training set, and
all HOI classes are ordered accordingly.

Macro-F1 drop when moving from the main benchmark
to either sub-benchmark. For example, Qwen2.5-VL-32B
decreases from 62.90 Macro-F1 on the main benchmark
(Table 2, main paper) to 55.61 on V-COCO and 52.74 on
SWiG-HOI (Table 13). A similar pattern appears in Ex-
tended Setting 2, where its Macro-F1 falls from 60.00 (Ta-
ble 10) to 44.76 on V-COCO and 55.48 on SWiG-HOI (Ta-
ble 14). These consistent Macro-F1 reductions across mod-
els indicate that both sub-benchmarks exhibit a distribution
shift in HOI classes, under multi-person and human-human
interaction scenes. In Setting 3, the EM accuracy drops a
lot across VLMs, when comparing main benchmark and V-
COCO sub-benchmarks. This indicates that it is challeng-
ing to recognize comprehensive interactions across the im-
age under multiple people and multiple object scenarios.

Fine-tuned VLM Evaluation Table 16 provides results
of the baseline under a finetuned setup, Qwen2.5-VL-7B
fine-tuned on our training dataset. Before fine-tuning,
VLMs typically exhibit much higher average precision than
recall, reflecting a conservative prediction style that favors
fewer outputs, shown in Table 1,2,3 (main paper). After
training on our dataset, however, the model learns to ad-
just its strategy: recall surpasses precision across settings.
This shift indicates that the model adapts to predict multi-
ple interactions for a given question. Predicting more for
each question increases the chance of covering all correct
answers, although this comes at the cost of lower precision.

Moreover, in Fig. 8(b), recall (red bins) decreases
steadily from head to tail classes, revealing a clear head-
class bias after fine-tuning. In contrast, the pre-trained
VLM without fine-tuning shows no obvious head-class bias,
as recall remains relatively flat across classes (Fig. 8(a)).
Overall, while class imbalance has long been recognized
as a challenge for HOI-specific methods, our benchmark
demonstrates that fine-tuned VLMs are not immune to this
issue.

Evaluation among all HICO-DET images Ta-
bles 17, 18, 19 present results evaluated on the 9,546
questions derived from the entire HICO-DET test set,
corresponding to the same three settings as in Tables 1,2,3
(main paper) of our benchmark. Across all metrics in
Tables 17, 18, 19 both HOI-specific methods and VLMs
achieve consistently much higher scores, typically by
around 8 – 12 points in Instance-F1 and Micro-F1, com-
pared with their performance on our main benchmark. This
substantial margin confirms that our benchmark is sig-
nificantly more challenging than the original HICO-DET
benchmark. Unlike HICO-DET, which contains many
simple, single-person single-object scenes, our benchmark
emphasizes multi-person and confusing interactions. The
noticeable performance gap validates the rationale of
constructing a smaller but more challenging benchmark
based on HICO-DET.

2.3. Implementation Details
Prompts for Benchmarking VLMs For general-purpose
VLMs, we provide the question prompt together with ex-
plicit answer-format instructions.

In Setting 1 and Setting 2, we obtain choice selection
results with the following prompt for target-human or target
human-object pair accordingly:

Context: You are given an image
⟨image⟩ and a target person with
a bounding box ⟨ human box ⟩.
Question: Which of the following
describes the interactions between
the target person and any object in
the image? Choices: (A) ...,(B)
...,(C) ...,(D)... IMPORTANT: Reply
with the letter(s) ONLY, separated
by commas if multiple (e.g. A,B).
For example, if correct answers are
(A) and (B), your output must be:
A,B Do NOT include any brackets or
other symbols.

Context: You are given an image
⟨image⟩ and and two bounding boxes:
- Person bbox: ⟨ human box ⟩;
- Object bbox: ⟨ object box ⟩.
Question: Which of the following
describes the interactions between
the target person and the object?
Choices: (A) ...,(B) ...,(C)
...,(D)... IMPORTANT: Reply with
the letter(s) ONLY, separated by
commas if multiple (e.g. A,B). For
example, if correct answers are (A)
and (B), your output must be: A,B
Do NOT include any brackets or other
symbols.



Method Dataset Macro-F1 (%) Instance-F1 (%) Micro-F1 (%) EM (%) Avg. Prec. (%) Avg. Rec. (%)

HOI-specific methods Out-of-distribution evaluation

ADA-CM - - - - - - -
CMMP V-COCO 25.57 28.39 37.07 2.81 80.56 24.07
LAIN V-COCO 11.62 17.04 23.99 3.01 68.26 14.55
HOLa - - - - - - -
CMD-SE SWiG-HOI 9.09 7.37 10.81 0.00 100.0 5.71

VLM Zero-shot evaluation: V-COCO-based sub-benchmark

InternVL2.5-38B V-COCO 22.73 27.07 34.41 5.01 84.35 21.62
InternVL3-38B V-COCO 31.56 32.98 42.49 11.02 86.11 28.20
Qwen3-VL-30B-instruct V-COCO - - - - - -
Qwen2.5-VL-32B V-COCO 43.97 52.73 60.93 21.04 80.59 48.98

LLaVA-OV-7B V-COCO - - - - - -
InternVL3-8B V-COCO 5.51 4.39 6.76 0.80 77.63 3.53
Qwen2-VL-7B V-COCO - - - - - -
Qwen2.5-VL-7B V-COCO 11.88 12.66 17.43 0.80 81.50 9.76

VLM Zero-shot evaluation: SWiG-HOI-based sub-benchmark

InternVL2.5-38B SWiG-HOI 13.69 14.65 20.91 8.86 77.93 12.07
InternVL3-38B SWiG-HOI 28.11 30.25 38.47 18.31 81.70 25.16
Qwen3-VL-30B-instruct SWiG-HOI 1.97 1.35 2.19 0.76 76.60 1.11
Qwen2.5-VL-32B SWiG-HOI 45.62 52.66 59.92 25.66 68.31 53.37

LLaVA-OV-7B SWiG-HOI - - - - - -
InternVL3-8B SWiG-HOI 5.33 4.55 7.32 2.38 74.85 3.85
Qwen2-VL-7B SWiG-HOI - - - - - -
Qwen2.5-VL-7B SWiG-HOI 39.36 47.95 54.08 24.53 70.91 43.70

VLM Zero-shot evaluation: Combined (main + two sub-) benchmarks

InternVL2.5-38B Combined 20.67 18.58 26.82 8.44 82.34 16.02
InternVL3-38B Combined 34.93 33.56 42.61 18.02 83.81 28.56
Qwen3-VL-30B-instruct Combined - - - - - -
Qwen2.5-VL-32B Combined 48.65 52.77 60.61 25.17 72.82 51.91

LLaVA-OV-7B Combined - - - - - -
InternVL3-8B Combined 6.42 4.66 7.56 2.04 75.85 3.99
Qwen2-VL-7B Combined - - - - - -
Qwen2.5-VL-7B Combined 29.67 36.02 42.34 17.66 72.92 29.83

Table 11. Setting 1 experiment results comparison under two sub-benchmarks. Results are reported for VLMs and HOI-specific methods.
Best performance within each group is highlighted in bold. “Avg. Prec.” means the precision averaged across test set and “Avg. Rec.”
means the recall averaged across test set.

In Setting 3, the prompt used is

Question: Which of the following
properly describes the interactions
in the image ⟨image⟩? Choices:
(A) ...,(B) ...,(C) ...,(D)...
IMPORTANT: Reply with the letter(s)
ONLY, separated by commas if
multiple (e.g. A,B). For example,
if correct answers are (A) and
(B), your output must be: A,B Do
NOT include any brackets or other
symbols.

In Setting 1, a VLM is required to predict the target per-
son or human-object bounding boxes before the choice se-
lection. We use prompt to localize humans or objects be-
fore HOI prediction. Specifically, we provide an image to
the model together with a text prompt asking it to output

bounding boxes in JSON format. For person detection only,
the following prompt is used:

Provide the bounding box
coordinates for every single person
in the input image.
The box coordinates represent as
[x1, y1, x2, y2], where x is the
horizontal pixel coordinate from
the left edge, and y is the vertical
pixel coordinate from the top edge.
Return the detection results in JSON
format strictly.
For example:
{ "boxes": [[32, 109, 644, 418],
[517, 0, 644, 23], [100, 50, 160,
200]] }

For detecting both persons and objects, we modify the
prompt to:



Method Dataset Macro-F1 (%) Instance-F1 (%) Micro-F1 (%) EM (%) Avg. Prec. (%) Avg. Rec. (%)

HOI-specific methods Out-of-distribution evaluation

ADA-CM - - - - - - -
CMMP V-COCO 24.93 22.61 34.84 4.01 80.76 22.21
LAIN V-COCO 12.42 14.28 23.61 3.21 66.54 14.35
HOLa - - - - - - -
CMD-SE SWiG-HOI 16..67 5.26 5.56 0.05 100.0 2.86

VLM Zero-shot evaluation: V-COCO-based sub-benchmark

InternVL2.5-38B V-COCO 5.83 5.88 6.58 2.00 71.67 3.45
InternVL3-38B V-COCO 10.87 10.07 14.57 4.01 72.66 8.10
Qwen3-VL-30B-instruct V-COCO - - - - - -
Qwen2.5-VL-32B V-COCO 1.30 3.93 3.68 0.80 41.38 1.92

LLaVA-OV-7B V-COCO - - - - - -
InternVL3-8B V-COCO - - - - - -
Qwen2-VL-7B V-COCO - - - - - -
Qwen2.5-VL-7B V-COCO 3.05 2.87 2.19 0.40 48.28 1.12

VLM Zero-shot evaluation: SWiG-HOI-based sub-benchmark

InternVL2.5-38B SWiG-HOI 10.39 7.82 12.10 4.75 78.02 6.56
InternVL3-38B SWiG-HOI 20.12 22.75 31.69 13.61 78.28 19.86
Qwen3-VL-30B-instruct SWiG-HOI - - - - - -
Qwen2.5-VL-32B SWiG-HOI 38.48 42.72 52.81 21.02 66.92 43.61

LLaVA-OV-7B SWiG-HOI - - - - - -
InternVL3-8B SWiG-HOI 2.43 2.43 4.07 1.24 73.12 2.09
Qwen2-VL-7B SWiG-HOI - - - - - -
Qwen2.5-VL-7B SWiG-HOI 32.43 36.61 45.62 18.04 70.63 33.69

VLM Zero-shot evaluation: Combined (main + two sub-) benchmarks

InternVL2.5-38B Combined 6.14 6.36 9.43 3.53 77.06 5.02
InternVL3-38B Combined 18.70 18.46 26.49 10.60 77.88 15.96
Qwen3-VL-30B-instruct Combined - - - - - -
Qwen2.5-VL-32B Combined 19.78 25.52 36.63 12.64 67.58 25.12

LLaVA-OV-7B Combined - - - - - -
InternVL3-8B Combined - - - - - -
Qwen2-VL-7B Combined - - - - - -
Qwen2.5-VL-7B Combined 16.17 21.91 30.26 10.93 69.97 19.31

Table 12. Extended Setting 1 experiment results comparison, derived from the V-COCO and SWiG-HOI images with 2499 questions in
total. Results are reported for VLMs and HOI-specific methods. Best performance within each group is highlighted in bold. “Avg. Prec.”
means the precision averaged across test set and “Avg. Rec.” means the recall averaged across test set.

Provide the bounding box
coordinates for all visible objects
and humans in the input image
based on the following object list:
{OBJ IDX TO OBJ NAME}.
The box coordinates represent as
[x1, y1, x2, y2], where x is the
horizontal pixel coordinate from
the left edge, and y is the vertical
pixel coordinate from the top edge.
Return the detection results in JSON
format strictly.
For example:
{ "boxes": [[32, 109, 644, 418],
[517, 0, 644, 23], [100, 50, 160,
200]],
"labels": ["person", "bench",
"cup"] }
Only include objects from the given

list. Ensure the output is a valid
JSON dictionary without additional
comments, and that the lengths of
the boxes and labels arrays are
equal.

Here, OBJ IDX TO OBJ NAME denotes the 80 prede-
fined object classes in HICO-DET. After obtaining the de-
tection results, we compute the Intersection-over-Union
(IoU) between the predicted boxes and the ground-truth
boxes. Predictions with IoU greater than 0.5 are considered
correct and passed to the HOI choice selection step, where
the detected boxes are used to localize the corresponding
human or human–object pair.
Bounding Box Process for VLMs In Setting 1 and Setting
2, the input requires bounding boxes of the target person.
Since different VLMs preprocess images in different ways,
we adapt the bounding boxes accordingly to ensure consis-



Method Dataset Macro-F1 (%) Instance-F1 (%) Micro-F1 (%) EM (%) Avg. Prec. (%) Avg. Rec. (%)

VLM Zero-shot evaluation: V-COCO-based sub-benchmark

InternVL2.5-38B V-COCO 38.46 48.43 52.39 8.42 83.91 38.08
InternVL3-38B V-COCO 48.48 62.19 64.03 17.23 85.10 51.32
Qwen3-VL-30B-instruct V-COCO 41.36 55.99 57.48 8.42 84.36 43.59
Qwen2.5-VL-32B V-COCO 55.61 71.18 72.85 28.86 82.34 65.33

LLaVA-OV-7B V-COCO 30.82 35.75 37.79 0.60 82.00 24.55
InternVL3-8B V-COCO 37.78 48.73 51.12 5.41 83.24 36.89
Qwen2-VL-7B V-COCO 34.49 48.76 48.07 1.80 85.21 33.47
Qwen2.5-VL-7B V-COCO 42.65 54.76 55.56 6.21 82.35 41.92

VLM Zero-shot evaluation:SWiG-HOI-based sub-benchmark

InternVL2.5-38B SWiG-HOI 42.64 51.45 55.39 31.06 81.51 41.95
InternVL3-38B SWiG-HOI 51.78 69.73 67.96 43.11 82.30 57.87
Qwen3-VL-30B-instruct SWiG-HOI 57.16 74.87 73.62 45.60 82.22 66.65
Qwen2.5-VL-32B SWiG-HOI 52.74 69.30 69.69 32.52 68.90 70.50

LLaVA-OV-7B SWiG-HOI 43.23 62.26 58.61 37.93 80.71 46.01
InternVL3-8B SWiG-HOI 44.83 52.76 55.96 31.98 78.06 43.61
Qwen2-VL-7B SWiG-HOI 46.34 62.80 60.84 38.36 84.63 47.49
Qwen2.5-VL-7B SWiG-HOI 50.38 67.08 66.36 34.52 72.13 61.44

VLM Zero-shot evaluation: Combined (main + two sub-) benchmarks

InternVL2.5-38B Combined 42.52 49.24 53.48 24.28 80.72 39.99
InternVL3-38B Combined 55.53 67.66 67.04 36.92 82.74 56.35
Qwen3-VL-30B-instruct Combined 54.22 67.84 67.34 35.46 81.79 57.22
Qwen2.5-VL-32B Combined 59.10 69.70 70.68 32.89 73.52 68.06

LLaVA-OV-7B Combined 44.76 55.78 53.19 28.28 79.74 39.91
InternVL3-8B Combined 45.83 52.73 55.43 26.05 78.33 42.89
Qwen2-VL-7B Combined 44.56 57.40 55.77 28.01 82.13 42.22
Qwen2.5-VL-7B Combined 48.27 61.65 61.43 27.62 74.52 52.26

Table 13. Setting 2 experiment results comparison, derived from the V-COCO and SWiG-HOI images with 2499 questions in total. Results
are reported for VLMs and HOI-specific methods. Best performance within each group is highlighted in bold. “Avg. Prec.” means the
precision averaged across test set and “Avg. Rec.” means the recall averaged across test set.

tency with the model input. Specifically, Qwen2/2.5-VL re-
sizes input images such that both height and width are mul-
tiples of 14, while Qwen3-VL adjusts images to multiples
of 16. We therefore resize the bounding boxes proportion-
ally to the resized image coordinates. InternVL2.5/3 does
not fix the image size but internally normalizes it. To align
with its view of the image, we first query the model with a
prompt asking for the perceived input resolution:

Please provide the coordinates
for the bottom-right point of the
input image. Assume the coordinate
system origin is at the top-left of
the image, with x increasing to the
right and y increasing downward.
Return the coordinates as [width,
height] in JSON format strictly.
For example: [638, 415].

Based on its returned size, we then rescale the bound-
ing boxes into that coordinate system. LLaVA-OV takes
the original image size directly as input. In this case, we
use the original bounding boxes without additional process-
ing. This preprocessing ensures that the bounding boxes we
provide are always aligned with how each model internally

processes the input image.
Prompt for Coarse Screening We provide the prompt tem-
plate used for the coarse screening stage. This stage serves
as an initial screening to identify negative candidates before
applying the fine-grained manual refinement.

Below is the general template we used for GPT-4.1 to
separate semantically consistent or inconsistent candidates:

You are given an image and a human
bounding box: ⟨human box⟩.
A list of candidate interactions is
provided: ⟨HOI candidates⟩.
The ground-truth interaction is:
⟨annotated ground-truth HOI classes⟩.
Find interactions that are clearly
different and unrelated to the
ground-truth interaction in the
image.
Any visually or semantically similar
interactions (e.g., synonyms,
paraphrases, same action with
different wording) must NOT be
selected.
Return ONLY the NEGATIVE group as a
JSON list of action+object phrases.



Method Dataset Macro-F1 (%) Instance-F1 (%) Micro-F1 (%) EM (%) Avg. Prec. (%) Avg. Rec. (%)

VLM Zero-shot evaluation: V-COCO-based sub-benchmark

InternVL2.5-38B V-COCO 40.72 45.36 48.77 20.84 73.51 36.49
InternVL3-38B V-COCO 47.22 60.55 62.45 29.66 72.21 55.01
Qwen3-VL-30B-instruct V-COCO 39.72 53.33 55.65 23.25 67.39 47.39
Qwen2.5-VL-32B V-COCO 44.76 63.14 64.80 28.26 67.78 62.07

LLaVA-OV-7B V-COCO 26.10 34.17 37.64 12.02 65.67 26.38
InternVL3-8B V-COCO 39.20 49.51 52.55 24.05 66.63 43.38
Qwen2-VL-7B V-COCO 31.32 45.55 46.60 16.03 68.00 35.45
Qwen2.5-VL-7B V-COCO 38.00 48.97 50.61 18.04 64.75 41.54

VLM Zero-shot evaluation: SWiG-HOI-sub-benchmark

InternVL2.5-38B SWiG-HOI 42.84 53.97 57.19 31.98 79.42 44.69
InternVL3-38B SWiG-HOI 48.94 68.83 67.80 40.90 80.46 58.58
Qwen3-VL-30B-instruct SWiG-HOI 58.51 75.70 74.53 46.03 81.42 68.71
Qwen2.5-VL-32B SWiG-HOI 55.48 69.37 70.14 32.47 68.49 71.88

LLaVA-OV-7B SWiG-HOI 44.22 62.77 59.03 38.36 81.34 46.32
InternVL3-8B SWiG-HOI 45.22 52.56 56.78 30.96 78.52 44.47
Qwen2-VL-7B SWiG-HOI 47.93 67.50 63.29 42.57 84.99 50.42
Qwen2.5-VL-7B SWiG-HOI 50.44 66.67 65.75 32.52 71.12 61.13

VLM Zero-shot evaluation: Combined (main + two sub-) benchmarks

InternVL2.5-38B Combined 42.60 50.73 54.28 28.42 77.46 41.78
InternVL3-38B Combined 53.23 66.19 66.17 37.03 77.59 57.68
Qwen3-VL-30B-instruct Combined 54.21 67.14 67.27 37.53 76.86 59.80
Qwen2.5-VL-32B Combined 56.75 67.09 68.14 31.40 68.93 67.37

LLaVA-OV-7B Combined 45.18 55.87 54.18 31.26 77.07 41.77
InternVL3-8B Combined 46.38 52.39 55.86 27.90 73.61 45.01
Qwen2-VL-7B Combined 45.49 59.26 57.03 33.11 77.92 44.97
Qwen2.5-VL-7B Combined 47.36 60.03 60.18 28.37 69.91 52.82

Table 14. Extended Setting 2 experiment results comparison, derived from the V-COCO and SWiG-HOI images with 2499 questions in
total. Results are reported for VLMs and HOI-specific methods. Best performance within each group is highlighted in bold. “Avg. Prec.”
means the precision averaged across test set and “Avg. Rec.” means the recall averaged across test set.

Do not include explanations. Limit
to under 50 words.
Examples:
- GT: "ride a/an bike"
- Negative: ["inspect a/an bike",
"repair a/an bike", "wash a/an
bike"]
Now, based on the image and the
ground-truth interaction, return the
negative group from the candidate
list.

Then, we construct prompts for Qwen2.5-VL-32B and
GPT-4o to re-evaluate the inconsistent candidates returned
by GPT-4.1, ensuring that these cases are indeed true nega-
tives.

You are given an image and a human
bounding box: ⟨human box⟩.
Definitions:
- Positive: Interactions that
appear in the image or are
semantically/visually related or
they may occur simultaneously.
- Negative: Interactions that are

clearly different or unrelated.
Question:
Is the interaction ⟨an HOI negative
candidate⟩ positive or negative with
respect to the image?
Please answer in the following
format:
Answer: Positive
or
Answer: Negative

This careful two-stage verification ensures that our
coarse screening does not introduce bias to VLMs. As
shown in Table 4 of the main paper, HOI-specific mod-
els even more agree with the negatives identified through
this process than other VLM baselines, confirming that
only clear negative HOIs, validated independently by three
VLMs, are selected.

3. Evaluation Metrics Details
Let Q denote the set of all evaluation questions. For each
question q ∈ Q, let Pq be the set of predicted interaction la-
bels and Gq the ground-truth set of positive choices. Macro-
F1 evaluates performance in a class-balanced manner. Let



Method Dataset Macro-F1 (%) Instance-F1 (%) Micro-F1 (%) EM (%) Avg. Prec. (%) Avg. Rec. (%)

HOI-specific methods Out-of-distribution evaluation

ADA-CM - - - - - - -
CMMP V-COCO 29.68 46.50 52.58 2.81 77.46 39.80
LAIN V-COCO 15.35 28.49 35.11 3.81 65.49 23.99
HOLa - - - - - - -
CMD-SE SWiG-HOI 6.67 7.37 10.81 0.00 100.0 5.71

VLM Zero-shot evaluation: V-COCO-based sub-benchmark

InternVL2.5-38B V-COCO 38.58 50.76 55.05 8.02 78.31 42.45
InternVL3-38B V-COCO 45.43 59.07 61.49 11.62 78.03 50.73
Qwen3-VL-30B-instruct V-COCO 45.31 60.57 61.66 11.22 81.75 49.50
Qwen2.5-VL-32B V-COCO 47.17 66.83 68.81 16.83 75.02 63.55

LLaVA-OV-7B V-COCO 29.67 36.55 38.26 0.60 84.20 24.75
InternVL3-8B V-COCO 45.43 59.07 61.49 11.62 78.03 50.73
Qwen2-VL-7B V-COCO 38.27 51.66 52.11 5.01 84.14 37.74
Qwen2.5-VL-7B V-COCO 43.34 55.59 57.38 8.62 79.79 44.80

VLM Zero-shot evaluation: SWiG-HOI-based sub-benchmark

InternVL2.5-38B SWiG-HOI 45.82 59.27 61.26 34.41 79.82 49.70
InternVL3-38B SWiG-HOI 49.15 69.22 67.49 41.11 82.50 57.11
Qwen3-VL-30B-instruct SWiG-HOI 56.94 75.08 73.91 40.73 78.05 70.19
Qwen2.5-VL-32B SWiG-HOI 53.05 69.60 70.42 32.36 68.93 71.99

LLaVA-OV-7B SWiG-HOI 43.11 64.12 59.66 38.68 83.61 46.37
InternVL3-8B SWiG-HOI 49.15 69.22 67.49 41.11 82.50 57.11
Qwen2-VL-7B SWiG-HOI 38.40 44.80 52.93 22.42 80.21 39.50
Qwen2.5-VL-7B SWiG-HOI 48.97 67.34 65.94 34.47 72.90 60.20

VLM Zero-shot evaluation: Combined (main + two sub-) benchmarks

InternVL2.5-38B Combined 47.41 55.29 57.86 24.75 80.99 45.01
InternVL3-38B Combined 54.77 65.44 64.72 30.57 83.01 53.04
Qwen3-VL-30B-instruct Combined 57.01 69.87 69.18 30.71 81.29 60.21
Qwen2.5-VL-32B Combined 59.15 68.31 69.54 26.99 72.97 66.41

LLaVA-OV-7B Combined 43.79 55.99 52.88 24.39 84.28 38.53
InternVL3-8B Combined 52.17 63.37 62.78 28.42 81.77 50.95
Qwen2-VL-7B Combined 34.94 43.31 48.89 14.65 81.83 34.86
Qwen2.5-VL-7B Combined 50.16 61.50 60.87 24.01 76.29 50.63

Table 15. Setting 3 experiment results comparison, derived from the V-COCO and SWiG-HOI images with 2499 questions in total. Results
are reported for VLMs and HOI-specific methods. Best performance within each group is highlighted in bold. “Avg. Prec.” means the
precision averaged across test set and “Avg. Rec.” means the recall averaged across test set.

C denote the set of HOI classes. For each class c ∈ C,
we compute the F1-score over all questions involving c, de-
noted as F1c. Macro-F1 is then obtained by averaging F1c

across all classes.

Macro-F1 =
1

|C|
∑
c∈C

2
∑

q 1[c ∈ Pq ∩Gq]∑
q 1[c ∈ Pq] +

∑
q 1[c ∈ Gq]

,

(1)
where 1[·] is the indicator function, which equals 1 if the
condition is true and 0 otherwise.

Instance-F1 measures performance at the question level.
For each q, we compute the F1-score between Pq and Gq ,
and then average over all questions to obtain the overall
score:

Instance-F1 =
1

|Q|
∑
q∈Q

F1(q) =
1

|Q|
∑
q∈Q

2|Pq ∩Gq|
|Pq|+ |Gq|

.

(2)

Here | · | denotes set cardinality, and Pq ∩ Gq is the set of
correctly predicted labels for question q.

Micro-F1 measures overall performance by aggregating
predictions across all questions and computing a single F1-
score from the total number of predicted and ground-truth
labels:

Micro-F1 =
2
∑

q |Pq ∩Gq|∑
q |Pq|+

∑
q |Gq|

. (3)

Finally, we adopt Exact Match Accuracy (EM), which
checks whether the predicted interaction set for a question
exactly matches the ground-truth set. Unlike the exact-
match mAP metric in traditional HOI benchmarks, which
is often affected by incomplete annotations and penalizes
unlabeled interactions, our multiple-choice design mitigates
this issue through curated negatives. Thus, EM provides a
complementary measure of strict correctness: it reports how



Method Setting Macro-F1 (%) Instance-F1 (%) Micro-F1 (%) EM (%) Avg. Prec. (%) Avg. Rec. (%)

Main Benchmark

SFT Baseline 1 61.12 61.70 69.63 26.22 67.69 71.67
SFT Baseline Extended 1 41.86 34.90 53.17 14.21 66.04 44.51
SFT Baseline 2 63.64 68.93 72.57 28.89 66.88 79.31
SFT Baseline Extended 2 62.90 67.85 71.28 27.71 62.75 82.49
SFT Baseline 3 70.14 75.39 78.62 32.10 77.08 80.72

Sub Benchmarks: V-COCO-based

SFT Baseline 1 55.44 71.31 77.60 34.27 74.46 81.02
SFT Baseline Extended 1 24.91 24.92 44.10 8.42 62.72 34.00
SFT Baseline 2 58.87 80.29 81.60 36.87 73.82 91.20
SFT Baseline Extended 2 46.72 67.06 70.60 25.05 56.89 93.02
SFT Baseline 3 57.18 80.98 82.17 36.47 74.00 92.36

Sub Benchmarks: SWiG-HOI-based

SFT Baseline 1 49.63 55.78 64.81 21.23 57.55 74.16
SFT Baseline Extended 1 40.55 44.67 57.71 15.88 56.84 58.61
SFT Baseline 2 57.48 70.32 72.39 27.28 59.24 93.04
SFT Baseline Extended 2 57.16 70.37 72.44 27.82 59.32 93.01
SFT Baseline 3 59.72 70.27 72.52 26.04 59.28 93.37

Table 16. Experiment results comparison when Qwen2.5-VL-7B is fine-tuned on HOI datasets [3] using Supervised Fine-Tuning (SFT).
“Avg. Prec.” means the precision averaged across test set and “Avg. Rec.” means the recall averaged across test set.

Method Macro-F1 (%) Instance-F1 (%) Micro-F1 (%) EM (%) Avg. Prec. (%) Avg. Rec. (%)

HOI-specific methods

ADA-CM 58.54 68.49 79.95 26.15 90.80 71.41
CMMP 58.49 68.00 79.51 25.84 89.66 71.43
LAIN 55.51 66.32 77.84 25.79 87.50 70.11
HOLa 58.83 68.41 79.53 26.57 89.51 71.56
CMD-SE 52.36 69.73 79.80 32.83 90.81 71.18

VLM zero-shot evaluation

InternVL2.5-38B 65.41 68.08 68.58 41.55 93.30 54.22
InternVL3-38B 71.32 76.05 72.41 46.55 93.45 59.10
Qwen2.5-VL-32B 74.89 82.15 80.05 53.15 89.25 72.57

LLaVA-OV-7B 62.48 69.04 63.87 36.93 92.57 48.76
InternVL3-8B 71.92 78.21 75.49 50.74 93.86 63.13
Qwen2-VL-7B 44.77 42.84 49.05 19.24 93.57 33.24
Qwen2.5-VL-7B 68.49 74.10 69.53 42.55 93.11 55.48

Table 17. Setting 1 experiment results comparison, derived from the whole HICO-DET images with 9546 questions in total. Results
are reported for VLMs and HOI-specific methods. Best performance within each group is highlighted in bold. “Avg. Prec.” means the
precision averaged across test set and “Avg. Rec.” means the recall averaged across test set.

often the model’s predictions are entirely correct.

EM =
1

|Q|
∑
q∈Q

1[Pq = Gq]. (4)
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Method Macro-F1 (%) Instance-F1 (%) Micro-F1 (%) EM (%) Avg. Prec. (%) Avg. Rec. (%)

VLM zero-shot evaluation

InternVL2.5-38B 59.91 61.82 63.97 38.07 92.18 48.98
InternVL3-38B 71.41 78.72 76.99 51.99 93.58 65.39
Qwen2.5-VL-32B 75.76 83.85 83.01 58.27 91.02 76.29

LLaVA-OV-7B 64.28 70.75 65.35 40.60 92.42 50.54
InternVL3-8B 64.40 67.55 67.63 42.34 90.26 54.07
Qwen2-VL-7B 61.29 67.06 63.94 37.94 92.23 48.94
Qwen2.5-VL-7B 67.23 74.33 70.59 45.06 92.69 57.00

Table 18. Setting 2 experiment results comparison, derived from the whole HICO-DET images with 9546 questions in total. Results
are reported for VLMs and HOI-specific methods. Best performance within each group is highlighted in bold. “Avg. Prec.” means the
precision averaged across test set and “Avg. Rec.” means the recall averaged across test set.

Method Macro-F1 (%) Instance-F1 (%) Micro-F1 (%) EM (%) Avg. Prec. (%) Avg. Rec. (%)

HOI-specific methods

ADA-CM 56.03 62.08 76.66 38.68 90.32 66.59
CMMP 55.87 61.47 76.11 38.35 89.03 66.46
LAIN 53.33 60.42 74.98 37.80 87.24 65.73
HOLa 56.69 62.32 76.54 39.69 88.87 67.22
CMD-SE 51.82 58.81 73.72 38.60 90.99 61.97

VLM zero-shot evaluation

InternVL2.5-38B 34.43 28.29 36.54 17.31 93.09 22.73
InternVL3-38B 49.39 43.18 52.87 28.82 94.27 36.73
Qwen2.5-VL-32B 64.24 65.18 73.00 45.09 91.39 60.77

LLaVA-OV-7B - - - - - -
InternVL3-8B 12.98 8.68 13.36 5.48 93.32 7.20
Qwen2-VL-7B - - - - - -
Qwen2.5-VL-7B 43.37 38.94 45.81 23.30 93.32 30.36
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