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1. LLM Ablation for SHOE-Metric

To assess the sensitivity of SHOE to the specific set of
LLMs (Qwen3-32B [25], DeepSeek-V3-0324 [17], Llama-
4-Maverick-17B [22], Yi-1.5-34B-Chat [26], and Gemini-
2.5-pro [6]) used to compute the final similarity score and
whether a smaller or differently composed ensemble could
achieve comparable alignment with human judgments, we
evaluated all possible subsets of the five LLMs used in our
ensemble, ranging from single-model configurations to the
full five-model setup (Table 1). Across all configurations,
agreement stays within a narrow 0.84–0.86 range. Single
models already achieve strong alignment, though perfor-
mance varies (e.g., DeepSeek-V3 is highest at 86.46 %;
Maverick lowest at 84.11 %). Adding a second model pro-
vides only marginal benefit: most two-model combinations
match the performance of the stronger individual model, in-
dicating limited complementary information at this scale.
Larger ensembles (3–4 models) modestly reduce variance
but do not substantially increase the average agreement.

Although the gains in average agreement are modest, we
retain the ensemble SHOE score as it may reduce the influ-
ence of model-specific biases. Our user study did not show
strong trends of any of the included models but is limited
to 500 pairs of HOIs. For datasets that focus on more spe-
cialized domains, individual model biases are more likely
to surface, and the ensemble may provide a more balanced
estimate. Overall, the ablation shows that SHOE is largely
insensitive to the exact choice of LLMs. As long as models
of comparable capability are included, the resulting similar-
ity scores remain stable. As LLMs evolve, SHOE can adopt
newer models without changing its characteristic behavior.

2. Open-Vocabulary Evaluation of
HOI Models

We compare Vision-Language Models (VLMs) with state-
of-the-art HOI methods in Table 2. As VLMs cannot reli-

ably provide detection bounding boxes or confidence scores
for HOI class prediction, we use the off-the-shelf object de-
tection, DETR [3], commonly adopted in two-stage HOI de-
tection methods, and VLMs’ token probabilities for mAP-
style ranked evaluation. However, not all VLMs provide
token probabilities. Additionally, using DETR as an ini-
tial object detector omits the VLMs’ capabilities to detect
human, object and interaction, as it only has to find the in-
teraction for the already predefined human-object pair. To
extend our study, we report results for the confidence-free
evaluation mode (i.e., category (2) confidence-free mode,
see Sec. 3.2 in the main paper) for all models. We add
Gemini-2.5-flash [6] and LLaVa-Onevision-72b [18] in this
comparison as token-wise probabilities are not needed for
this evaluation setting. We present the GT miss rate (false
negatives), prediction miss rate (false positives), and SHOE
mF1 for all the models included in our evaluation. On the
single-HOI HICO-DET [4] subset (see Table 2). We define:

• GT Miss Rate (FN %): The percentage of ground-truth
HOI instances that are not matched by any prediction
(false negatives):

GT Miss Rate =
|FN|
|GT|

× 100

where |GT| is the number of ground-truth HOI instances,
and |FN| is the number of ground-truth instances with no
matched prediction (e.g., under the chosen IoU and simi-
larity threshold).

• Prediction Miss Rate (FP %): The percentage of pre-
dicted HOI instances that do not match any ground-truth
instance (false positives):

Prediction Miss Rate =
|FP|
|Pred|

× 100

where |Pred| is the total number of predictions, and |FP| is
the number of predictions with no matched ground-truth.

https://github.com/majnoa/SHOE


# DS G. Mv. Qw. Yi Agree.%

1 1 0 0 0 0 86.46
1 0 1 0 0 0 84.56
1 0 0 1 0 0 84.11
1 0 0 0 1 0 85.60
1 0 0 0 0 1 84.87

Avg. 85.12±0.92

2 1 1 0 0 0 86.46
2 1 0 1 0 0 86.46
2 1 0 0 1 0 86.46
2 1 0 0 0 1 86.46
2 0 1 1 0 0 84.56
2 0 1 0 1 0 84.56
2 0 1 0 0 1 84.56
2 0 0 1 1 0 84.58
2 0 0 1 0 1 84.15
2 0 0 0 1 1 85.60

Avg. 85.39±0.99

# DS G. Mv. Qw. Yi Agree.%

3 1 1 1 0 0 85.55
3 1 1 0 1 0 85.76
3 1 1 0 0 1 86.12
3 1 0 1 1 0 85.40
3 1 0 1 0 1 85.52
3 1 0 0 1 1 85.93
3 0 1 1 1 0 84.71
3 0 1 1 0 1 84.53
3 0 1 0 1 1 84.88
3 0 0 1 1 1 85.12

Avg. 85.35±0.53

4 1 1 1 1 0 85.67
4 1 1 1 0 1 85.86
4 1 1 0 1 1 86.40
4 1 0 1 1 1 85.91
4 0 1 1 1 1 85.24

Avg. 85.82±0.42

5 (SHOE) 1 1 1 1 1 85.73

Table 1. Combined LLM ablation: left = sizes 1-2, right = sizes 3-5. Agreement scores for LLMs with human annotation. 1 = model
included, 0 = excluded. # = number of models included. LLMs in order: DeepSeek-V3-0324, Gemini-2.5-pro, Llama-4-Maverick-17B,
Qwen3-32B, Yi-1.5-34B-Chat.

Method
Type Model GT Miss Rate

(FN %)
Prediction Miss Rate

(FP %) SHOE mF1

Default

LAIN [8] (ViT-B) 21.04 37.77 45.80

CMMP [14] (ViT-L) 20.06 37.64 50.47

ADA-CM [12] (ViT-L) 19.18 36.21 51.93

HOLA [11] (ViT-L) 19.45 35.83 52.21

Zero-shot
RF-UC

CMMP [14] (ViT-B) 21.15 39.13 44.84

EZ-HOI [10] (ViT-B) 20.45 38.10 46.94

HOLA [11] (ViT-B) 20.00 37.29 49.07

LAIN [8] (ViT-B) 20.83 38.20 46.30

Open-
Vocabulary

CMD-SE [13] 36.93 60.67 37.07

THID [24] 47.81 78.86 28.71

VLMs &
MLLMs

Qwen2.5-32B-VL [1] 30.48 60.75 54.40

InternVL3-38B [5] 55.09 86.10 40.04

LLaVa-Onevision-72B [15] 32.04 64.13 54.50

GPT-4.1 [20] 27.86 55.10 53.46

Gemini-2.5-flash [6] 34.39 59.05 51.16

Table 2. Performance comparison across different HOI models on the single HOI HICO-DET [4] subset (575 classes) using GT Miss
Rate, Prediction Miss Rate and SHOE mF1 scores on HICO-DET, along with GT miss rate (false negatives) and prediction miss rate (false
positives). confidence score rank i = 0.5 was chosen for all models that provide confidence scores to make them comparable to the VLM
and MLLM methods.



For models that provided confidence scores with their pre-
dictions, we set the confidence score rank to i = 0.5. We
report that HOLA [11] (ViT-L) achieves the highest SHOE
mF1 score (52.21) among existing fully supervised meth-
ods, while maintaining low miss rates for both ground-
truth and predictions. HOLA (ViT-B) performs best in
the zero-shot RF-UC setting, with a SHOE mF1 score of
49.07. Open-vocabulary models such as CMD-SE [13] and
THID [24] have higher miss rates and lower mF1 scores,
highlighting the challenge of open-world generalization.
These findings are consistent with the model ratings ob-
served on the full HICO-DET dataset. Notably, the VLMs
and MLLMs perform comparably to or even outperform
the existing HOI detection methods, despite lacking HOI-
specific supervision, and exhibiting high GT and prediction
miss rates. This is consistent with our observation that these
models tend to make fewer predictions per ground-truth in-
stance than standard HOI methods. The strong overall per-
formance suggests that VLMs and MLLMs produce seman-
tically plausible interaction predictions and generalize inter-
action concepts via language grounding.

3. Hardware Requirements and Runtime

In the following we provide an overview of the hardware
used and the runtime required to compute the object and
verb SHOE-similarity matrices on HICO-DET. These ma-
trices have to be computed only once per dataset which en-
ables all subsequent experiments to reuse them without any
additional model inference. This section is meant as a prac-
tical reference for researchers designing new datasets, illus-
trating the one-time computational cost required to generate
verb–verb and object–object similarity matrices.

Our setup combined an on-premise server with 4×
NVIDIA RTX 6000 Ada (48 GB) GPUs, cloud infer-
ence via the Lambda service for selected models, and
the Gemini-2.5-Pro API. We first evaluated the full set of
≈850k verb–verb pairs with Qwen3-32B, which required
≈6 days on the RTX 6000 Ada system. From these, we ex-
tracted the≈120k non-zero similarity pairs and ran them on
DeepSeek-V3-0324, Llama-4-Maverick-17B, and Yi-1.5-
34B-Chat, each completing in ≈30 h. For the 40k ob-
ject–object pairs, all models required ≈6 h each. DeepSeek
and Llama were executed on Lambda cloud instances with
runtimes matching the on-premise hardware, while Gemini-
2.5-Pro completed both verb and object evaluations under
batched API requests within ≈ 28h. To reduce wall-clock
time, several runs were parallelized across cloud machines.
The total cost of API usage and cloud inference was≈ 200$
for the full HICO-DET similarity evaluation.

Figure 1. Example of the user study interface. Annotators are
shown two HOI interactions along with their WordNet glosses and
asked to rate their semantic similarity on a 5-point scale.

4. Synset Matching Procedure

Open-vocabulary predictions must first be mapped to their
corresponding WordNet [19] synsets before they can be
evaluated with the SHOE metric. This requires convert-
ing the model outputs into consistent lexical forms before
matching them to WordNet. Predicted verbs that are not in
base form are lemmatized (e.g., ”riding” to ”ride”), and ob-
ject names containing underscores are split into their sep-
arate words. Each normalized lemma is then queried in
WordNet to retrieve all associated synsets (i.e., possible
senses). For multi-word objects such as “dining table”, we
query each component word separately and aggregate the
valid synsets as a candidate pool. During evaluation, the
synset from this pool with the highest semantic alignment to
the ground-truth synset is selected, and this best-matching
sense is used for the SHOE similarity computation.



Figure 2. Per-annotator distribution of HOI similarity scores rang-
ing from 0 (no similarity) to 4 (high similarity), showing individual
rating tendencies across the annotation set.

5. User Study
5.1. User Study Setup and Examples
To better illustrate the design of our user study, we provide a
representative example of the annotation interface and rat-
ing process. In each task, annotators were presented with
a pair of HOI labels, along with the corresponding Word-
Net synsets and their glosses (definitions) for both the verb
and object components. Annotators were asked to assess
the semantic similarity between the two HOIs based on the
information provided. Figure 1 shows an example of the
annotation interface used in our study. The two HOIs are
displayed along with their WordNet glosses to help anno-
tators understand the meaning of each interaction. Annota-
tors then assign a similarity score on a 5-point scale ranging
from 0 (completely dissimilar) to 4 (interchangeable).

5.2. Inter-Annotator Score-Distribution
We analyzed the overall score distribution across annota-
tors to examine how consistently they used the 0–4 rat-
ing scale (Figure 2). All annotators used the full range of
scores, though each showed distinct rating tendencies. For
example, A4 assigned score 0 more frequently than oth-
ers, while A5 used score 4 most often. A2 and A3 tended
to assign scores clustered around the middle of the scale.
Although the evaluation criteria were consistent across an-
notators, their scoring patterns suggest varying degrees of

Figure 3. Distribution of Annotator Votes by Majority Scores.
Each bar shows the number of times a given annotator (A1–A5)
assigned each score from 0 to 4. The numeric labels on top of
each bar indicate the raw count.

strictness.
To better understand how annotators varied in their as-

signments depending on the overall consensus of an item,
we grouped examples by their majority (most frequent)
score and visualized the distribution of all annotator votes
for each group (Figure 3). Items with a majority score of 0
or 4 showed strong agreement, with most annotators assign-
ing the same score. In contrast, examples with mid-range
majority scores (e.g., 2) showed more varied responses
across neighboring scores, reflecting greater subjectivity in
these cases.

5.3. Inter-Annotator Agreement Metrics
For the assessment of inter-annotator reliability we em-
ployed Quadratic Weighted Kappa (QWK) and Krippen-
dorff’s alpha that account for the ordinal structure of the
data:

Quadratic Weighted Kappa. Quadratic Weighted Kappa
(QWK) [7] measures agreement between two annotators,
assigning partial credit for near matches. It is defined as:

κ = 1−
∑

i,j wij Oij∑
i,j wij Eij

,

where Oij is the observed count of examples where rater
A assigned score i and rater B assigned score j, and Eij is
the expected count of such pairings under random chance.
The weight matrix wij penalizes disagreements quadrati-
cally:

wij =
(i− j)2

(k − 1)2
,



Figure 4. Pairwise Quadratic Weighted Kappa (QWK) between
annotators. All values are between 0.51 and 0.65, indicating mod-
erate agreement. Diagonal entries represent perfect self-agreement
(κ = 1.00).

with k = 5 being the number of discrete rating levels.
Figure 4 shows a moderate level of agreement overall, with
stronger consistency between pairs such as A1 & A5 and
A2 & A5, and slightly weaker alignment between A3 &
A4. The average QWK score across all annotator pairs was
0.590, indicating moderate agreement.

Krippendorff’s Alpha (Ordinal). Krippendorff’s Al-
pha [9] generalizes agreement measurement to multiple an-
notators and missing values. For ordinal labels, it penalizes
disagreement based on the normalized distance between
scores:

α = 1− Do

De
,

where Do is the observed disagreement, and De is the
expected disagreement under chance. The pairwise dis-
agreement between scores i and j is calculated as:

δ(i, j)2 =

(
i− j

k − 1

)2

.

The Krippendorff’s alpha for ordinal ratings was 0.566,
supporting the finding of moderate consistency among an-
notators. These results suggest that while annotators may
assign slightly different scores, they generally agree on the
relative severity or quality of the examples. This indicates
that the annotation process is reliable, as the ordinal struc-
ture of the labels is largely preserved across annotators.

Metric Model Verb Agreement
(%)

Object Agreement
(%)

Standard SHOE 78.82 80.09

DeepSeek-V3-0324 79.89 81.21

Qwen3-32B 78.86 81.41

Yi-1.5-34B-Chat 79.01 80.61

Llama-4-Maverick-17B 77.92 80.99

Gemini-2.5-pro 78.34 81.34

Table 3. Average LLM agreement with human annotator ratings on
HOI pairs where either the verb or object differs from the ground
truth while the other is identical.

6. SHOE-Metric

6.1. Verb and Object based LLM agreement with
human annotators

The two settings in Table 3 show that all LLMs achieve
strong agreement with human annotators if either object
or verb is changed while the other is the same as the GT.
Object mismatches show slightly higher agreement over all
LLMs than verb mismatches. DeepSeek-V3-0324 shows
the highest agreement in both categories. Our SHOE score,
which aggregates model predictions through majority vot-
ing, demonstrates competitive agreement in both settings
and reliability for different types of prediction mismatches.

6.2. User Study with Images

Our primary user study was conducted without images in
order to collect semantic similarity judgments that gener-
alize across different scenes, not tied to any specific visual
instance. Including images risks biasing annotators toward
incidental scene details, such as lighting, occlusion, or un-
usual body poses, that have nothing to do with the semantic
relationship between the interactions and are visual noise
that HOI models are meant to filter out. However, as SHOE
is ultimately applied to image-conditioned HOI predictions,
we conducted a second user study to verify that semantic
judgments remain stable when images are actually present.
The annotators evaluated 500 HOI pairs, each accompanied
by an image from the HICO-DET dataset corresponding to
the ground-truth HOI class in the pair. They were tasked
to decide if they wanted to update their original annotation
or keep it the same with the image present. Across all 500
HOI pairs, only 7.65% of ratings were updated (95% CI:
6.29–9.00%). The magnitude of these changes was small,
only a single point on the 0-4 point scale (≈1.14 [95% CI
1.11, 1.17]). This demonstrates that the semantic judgments
collected without images remain consistent even when an-
notators are later presented with visual context further sup-
porting the reliability of our metric.



6.3. Statistical Basis for Participant and Annotation
Counts

Our user study evaluates 500 HOI pairs through ratings
from five independent annotators. To verify that this sample
size is statistically adequate, we compute the Spearman cor-
relation between model scores and human ratings. We ob-
tain ρ = 0.799 with a 95% Fisher confidence interval (CI) of
[0.765, 0.829]. This interval represents the range of plausi-
ble values for the true correlation if the study were repeated
many times with the same sample size. The interval is nar-
row and strongly positive. This supports that 500 items
provide a robust estimate of the true correlation. We also
performed a permutation test with 10,000 resamples, which
tests if such a high correlation could occur under random
ratings. The result p < 0.001 indicates that the observed
correlation is extremely unlikely to arise by chance.

To assess whether five annotators per item are sufficient,
we estimate the within-item variability (σ ≈ 0.761) and
compute the standard error of the mean rating (SE = σ√

k
).

Five raters achieved SE ≈ 0.34. This SE implies that the
mean rating would vary by 0.34 of a point across differ-
ent groups of annotators, which is small relative to the full
rating range (0-4) and sufficient to distinguish meaningful
differences between items. This shows that five annotators
are enough to provide reliable similarity scores.

6.4. SHOE-algorithms
To make our work more reproducible we describe the im-
plementation of the two SHOE-scoring algorithms. Our
main SHOE-mAP-score algorithm is shown in Algorithm
0. For each image, predictions are filtered by a confidence
threshold and matched to ground-truth instances based on
the common IoU > 0.5 requirement on the human and ob-
ject bounding boxes. Predictions count as soft true posi-
tives when they match spatially and have highest seman-
tic similarity of all predictions for that GT. Predictions that
do not match any ground truth get penalized through false
positive penalties. For each unmatched prediction, the GT
class with the highest similarity score is found. A FP is as-
signed to that class if the similarity score is larger than a
certain threshold. The algorithm sorts predictions by confi-
dence before it calculates true positives and false positives
using soft labels for each class. Precision and recall get
computed at each threshold before obtaining Average Preci-
sion (AP) through the calculation of area under the resulting
precision-recall curve. The final SHOE mAP is the mean of
AP scores across all classes.

The procedure for computing the SHOE mF1 score for
HOI predictions using soft matching based on semantic
similarity is described in Algorithm 0. If models provide
confidence scores only predictions larger than a chosen
threshold are included in the calculation (s ≥ τ ). For each
image the spatial alignment of each prediction is verified

through bounding box IoU and the semantic similarity be-
tween predicted verb-object pairs and ground truth pairs is
computed with our provided SHOE similarity maps. Pre-
dictions get matched identically to the SHOE-mAP-score.
In the final aggregation step precision, recall and F1 scores
for each class are calculated based on the accumulated FP,
TP and FN before averaging over all classes for the mean
F1 score (mF1).

7. Future Work

While large VLMs show strong semantic reasoning for HOI
prediction, they currently rely on an external detector such
as DETR due to their limited detection capabilities. VLMs
require substantially more parameters (≈1.5B - ≈400B)
compared to standard HOI detectors (≈40M), making them
impractical for real-time deployment and HOI detection
from videos. Their prompt sensitivity and non-deterministic
outputs further complicate consistent predictions and inte-
gration into downstream systems. This highlights the need
to develop true open-vocabulary, real-time HOI predictors
that combine strong localization with true semantic under-
standing.

On the dataset side, existing HOI benchmarks often fo-
cus on relatively small subsets of interactions and do not
exhaustively annotate all visible HOIs within each image
often using broad action categories like ”cooking”, ”work-
ing”, or ”cleaning” but miss lower-level HOIs like ”cut-
ting”, ”holding”, ”brushing”. As the field moves toward
open-vocabulary HOI recognition, it will be essential to
establish clear annotation guidelines and to develop more
comprehensive datasets.

8. Benchmarking Datasets

We conducted our primary evaluation on HICO-DET [4],
as it is widely used in the HOI community. Most HOI
models provide pretrained checkpoints on HICO-DET mak-
ing it suitable for comparison between standard, zero-shot
and open-vocabulary HOI models. SWIG-HOI [23] is com-
monly used for open-vocabulary classification as it expands
the label space to 1,000 object categories and 406 actions.
However, its annotations inherit the scene-level abstraction
of SWiG [21], which causes many fine-grained HOIs to
be missed or collapsed into coarse descriptions. Fig. 5
shows a qualitative comparison between 3 common scenar-
ios in both HICO-DET and SWIG-HOI dataset. Specific
interactions such as eat, wash, or cut are annotated within
HICO-DET. However, SWIG-HOI includes broader verbs
like cook or clean as their ground-truth HOI classes, be-
cause it is derived from general scene understanding.

Moreover, SWIG-HOI includes only a single human an-
notation per image, even when multiple people interact with
objects (see Fig. 5 second SWIG-HOI example ”cook veg-



Model mAP SHOE-mAP

GPT-4.1 50.47 57.82
Qwen2.5-VL-32B 41.12 64.77
InternVL3-38B 46.34 50.79

Table 4. Comparison of mAP and SHOE-mAP on V-COCO for
three VLMs. VLMs token probabilities are used as a proxy for the
confidence score and DETR is used for object detection.

etable/knife”) where two people cutting vegetables are vis-
ible in the image but only 1 person and the correspond-
ing HOI is annotated. This is acceptable for closed-set
classifiers with fixed verb–object categories but becomes
problematic in open-vocabulary evaluation with no prede-
fined categories. In such settings, a model may correctly
predict a valid but unannotated human–object interaction,
which is then incorrectly counted as a false positive pe-
nalizing category-free predictors. SWIG-HOI’s scene-level
annotation style and incomplete human coverage makes it
less suitable for open-vocabulary HOI evaluation. For this
reason, we chose HICO-DET for our quantitative open-
vocabulary evaluation.

V-COCO [16] is an older benchmark that offers sub-
stantially less interaction categories than the newer HICO-
DET (26 actions vs 117 actions). Many HOI models do
not provide checkpoints for V-COCO and focus on eval-
uating on HICO-DET or SWIG-HOI. To demonstrate that
the SHOE metric transfers seamlessly across benchmarks
we report some exemplary results on this dataset (Table 4).
The trends of the evaluated LLMs mirror those observed on
HICO-DET. GPT-4.1 shows strongest performance for the
standard mAP score while Qwen2.5-VL-32B achieves the
highest SHOE mAP on V-COCO..

9. Qualitative results
To better understand the results of Table 2, we present qual-
itative examples of GPT-4.1’s predictions and their align-
ment with HICO-DET ground truth based on our instance-
level SHOE score (see Figure 6). The examples show that
GPT-4.1 often generates semantically plausible outputs that
remain close in meaning to the intended action, even when
the exact ground-truth interaction is missed.

For example, the ground-truth action “pet a giraffe” re-
ceives a high similarity score of 0.775 when matched with
the prediction “touch a giraffe,” which is semantically plau-
sible given the close relation between these actions. Simi-
larly, “wash a train” is matched with “clean a train” with a
similarity score of 0.85. These examples highlight the abil-
ity of the VLMs and MLLMs to perform robust conceptual
reasoning and demonstrate that our SHOE score can cap-
ture a broad range of semantically aligned open-vocabulary
interactions.

10. Limitations
Our proposed SHOE-Metric relies on WordNet sense dis-
ambiguation and LLM similarity scoring, both of which can
introduce biases into the metric. As WordNet senses were
developed by linguists primarily from English corpora it
may miss coverage in domain-specific or culturally diverse
verb senses. Similarly, LLM judgments can reflect biases
present in their training data. As existing HOI benchmarks
focus on common general interactions, we did not find any
apparent biases for these datasets during testing. For build-
ing highly domain-specific HOI datasets with low WordNet
coverage (e.g., medical or laboratory settings) we suggest
using definitions from common ontologies in the field such
as UMLS [2] and reducing risks of domain biases by con-
ducting an expert user study, similar to the methodology
adopted in this work.



Algorithm 1: SHOE mAP Evaluation for HOI Predic-
tions

1: Load ground truth set G = {(v, o, bh, bo)}
2: Load predictions p = (v′, o′, b′h, b

′
o, s) ∈ P

3: Load similarity maps Sv , So

4: Initialize per-class lists Sk, Lk, and GT counts
NGT[k] = 0

5: for each image I do
6: GI ← ground truth for I
7: PI ← predictions for I
8: Initialize matched flags for PI

9: for each (v, o, bh, bo) ∈ GI do
10: k ← class ID of (v, o)
11: NGT[k] += 1
12: M← { predictions in PI where

IoU(bh, b
′
h) ≥ θ and IoU(bo, b

′
o) ≥ θ

and prediction not already matched }
13: ifM ̸= ∅ then
14: Select p∗ = argmax

p∈M
1
2 (Sv(v, v

′) + So(o, o
′))

15: Let p∗ = (v′∗, o′∗, b′∗h , b
′∗
o , s

∗),
where p∗ ∈M ⊆ P

16: Compute similarity score
σ = 1

2 (Sv(v, v
′∗) + So(o, o

′∗))
17: Append confidence and similarity score

(s∗, σ) to Sk,Lk

18: Mark p∗ as matched
19: else
20: Append empty pair (0.0, 0.0) to Sk,Lk

21: end if
22: end for
23: for each unmatched p = (v′, o′, b′h, b

′
o, s) ∈ PI do

24: Find (v∗, o∗) ∈ GI maximizing similarity
25: σ = 1

2 (Sv(v
∗, v′) + So(o

∗, o′))
26: if σ ≥ δ then
27: k∗ ← class ID of (v∗, o∗)
28: Append (s, 0.0) to Sk∗ ,Lk∗

29: end if
30: end for
31: end for
32: for each class k = 1 . . .K do
33: Sort Sk,Lk by descending score
34: Let ϵ be a small constant

(e.g., 10−8) to avoid division by zero
35: Compute cumulative true positives:

TPi =
∑i

j=1 Lk[j]
36: Compute cumulative false positives: FPi = i−TPi

37: Preci = TPi/(TPi + FPi + ϵ)
38: Reci = TPi/(NGT[k] + ϵ)
39: Compute APk as area under the PR-curve
40: end for
41: Report mAP = 1

K

∑K
k=1 APk

Algorithm 2: SHOE mF1 Evaluation for HOI Predic-
tions

1: Load ground truth set G = {(v, o, bh, bo)}
2: Load predictions p = (v′, o′, b′h, b

′
o, s) ∈ P

with confidence score rank s ≥ τ
3: Load similarity maps Sv , So

4: Initialize TP = FP = FN = 0 per class
5: for each image I do
6: GI ← ground truth for I
7: PI ← predictions for I
8: Initialize matched flags for PI

9: for each (v, o, bh, bo) ∈ GI do
10: M← { predictions in PI where

IoU(bh, b
′
h) ≥ θ and IoU(bo, b

′
o) ≥ θ

and prediction not already matched }
11: ifM ̸= ∅ then
12: Select p∗ = argmax

p∈M
1
2 (Sv(v, v

′) + So(o, o
′))

13: Let p∗ = (v′∗, o′∗, b′∗h , b
′∗
o , s

∗),
where p∗ ∈M ⊆ P

14: Compute similarity score
σ = 1

2 (Sv(v, v
′∗) + So(o, o

′∗))
15: Accumulate TP for class (v, o) as σ
16: Accumulate FP for class (v, o) as 1− σ
17: Mark p∗ as matched
18: else
19: Accumulate FN for class (v, o) as 1.0
20: end if
21: end for
22: for each unmatched p = (v′, o′, b′h, b

′
o) ∈ PI do

23: Find best (v, o) ∈ GI maximizing similarity
24: σ = 1

2 (Sv(v, v
′) + So(o, o

′))
25: if σ ≥ δ then
26: Accumulate FP for class (v, o) as 1.0
27: end if
28: end for
29: end for
30: for each class (v, o) do
31: Let ϵ be a small constant

(e.g., 10−8) to avoid division by zero
32: Compute precision = TP

TP+FP+ϵ

33: Compute recall = TP
TP+FN+ϵ

34: Compute F1 = 2·precision·recall
precision+recall+ϵ

35: end for
36: Report mean F1 over all classes



(a) HICO-DET (b) SWIG-HOI

Object(s): Apple
Interactions: eat, hold

Object(s): Apple
Interactions: lick

Object(s): Banana, Knife
Interactions: hold, cut with, wield

Object(s): Knife, Vegetable
Interactions: cook

Object(s): Knife
Interactions: hold, wash

Object(s): Knife
Interactions: clean

Figure 5. Qualitative comparison of interaction annotations. HICO-DET captures fine-grained, specific interactions (e.g., ”eat”, ”wash”,
”cut with”), whereas SWIG-HOI primarily provides broad scene descriptions (e.g., ”cook”, ”clean”).



Figure 6. Qualitative results for GPT4.1 on HICO-DET single HOI subset.
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