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Abstract

Human-object interaction (HOI) detection aims to understand complex relationships
between humans and objects, but existing benchmarks like HICO-DET suffer from se-
vere class imbalance and inconsistent train-test splits, compromising reliable evaluations.
To address these issues, we introduce B-RIGHT, a systematically balanced dataset con-
structed via a novel balancing algorithm and an automated image generation-and-filtering
pipeline. By ensuring uniform representation across HOI classes, B-RIGHT significantly
reduces performance variance. Our re-evaluation of state-of-the-art methods reveals sub-
stantial shifts in model rankings compared to HICO-DET, highlighting previously hidden
biases. These results underscore the critical importance of balanced benchmarks for fair
and insightful model comparisons. The dataset is publicly available at B-RIGHT.

1 Introduction
Human-object interaction (HOI) detection plays a crucial role in enabling artificial intelli-
gence to interpret the visual world, as it captures the complex relationships between humans
and objects. Formally, HOI is defined by a triplet (subject, object, interaction), encompassing
diverse and subtle actions.
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Figure 1: (a) Our balanced distribution of HOI
classes in train, test, and zero-shot. (b) Clear
ranking shifts between HICO-DET and B-RIGHT,
highlighting reduced variance (circle size) in class-
wise AP. The arrows indicate shifted ranking.

For instance, as clearly visualized in
Fig. 1a, illustrates a scenario where “a per-
son is sitting on a motorcycle," requiring an
HOI detector not only to localize the “per-
son" and the “motorcycle" but also to clas-
sify interactions such as “sit on," “ride," or
“straddle." Advancing HOI detection can
benefit a wide range of computer vision
tasks, including image captioning, reason-
ing [46] and other applications [18, 35].

Recent efforts in HOI detection have
heavily depended on Transformer-based [44]
architectures [26, 27, 34, 42, 47, 52, 53, 54,
55], leading to notable improvements in accuracy and efficiency. These methods are mainly
evaluated on established benchmarks like HICO-DET [5], which offers a widely used stan-
dardized framework for model comparisons.

Despite their broad use, there has been limited systematic investigation into the bench-
marks themselves, particularly regarding how inherent dataset limitations, such as significant
class-imbalance and inconsistent data splits, may skew performance assessments and hinder
reliable model comparisons.

In particular, HICO-DET exhibits pronounced class-imbalance across its train and test
splits, with some classes having disproportionately fewer or greater instances, leading to un-
reliable and potentially misleading performance metrics. Addressing these imbalances by
uniformly expanding the dataset for each HOI class is impractical, given that certain inter-
actions (e.g.,(dry, cat) or (tag, person) in Fig. 2a) are inherently rare or context-dependent,
posing challenges for collection and annotation due to scarcity and copyright constraints.

To overcome these challenges, we introduce Benchmark Re-evaluation for Integrity in
Generalized Human-object Interaction Testing (B-RIGHT). Rather than pursuing perfect
balance across all HOI classes, B-RIGHT strategically complements existing benchmarks
by selecting a representative subset of classes that can feasibly achieve balance. We then
augment these classes using a rigorous pipeline involving high-quality data generation and
web-crawled images, thoroughly filtered through automated processes leveraging large lan-
guage models (LLMs) and vision-language models (VLMs), followed by meticulous manual
verification. This systematic combination of automated and manual procedures ensures uni-
form class representation with high-quality, copyright-free images, thus establishing a reli-
able benchmark that uncovers inherent characteristics previously hidden by data imbalance.

Importantly, our goal is not to replace existing datasets but to complement them with
a class-balanced, bias-reduced benchmark, paving the way for deeper analysis of archi-
tectural and training factors under controlled conditions. Specifically, B-RIGHT aims to
validate whether model improvements and architectural innovations translate effectively un-
der balanced conditions, highlighting genuine performance gains beyond dataset-induced bi-
ases. Additionally, we introduce a balanced zero-shot test set to systematically assess model
generalization to unseen HOI interactions.

When re-evaluating existing models with B-RIGHT, Fig. 1b demonstrates a clear reduc-
tion in class-wise performance variance and substantial ranking shifts compared to HICO-
DET. These findings confirm that our balanced conditions effectively mitigate previously
inflated or deflated class scores caused by data imbalance, thus providing a reliable founda-
tion for detailed analyses of model architectures and training strategies.
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Figure 2: Analysis of dataset issues in HICO-DET. Left: (a) Severe long-tail distribution of HOI
classes (examples: (hold, refrigerator), (eat, carrot), (dry, cat), (tag, person)); (b)
inconsistent distribution between train and test splits. Right: (c) Sensitivity analysis showing the impact
of flipping a single true positive (TP) instance to false positive (FP). The class with fewer test instances
(Less) experiences a drastic AP drop compared to the class with more instances (Many). Original AP
scores (circles, ●) and perturbed AP scores (pentagon, ) are shown with percentage decreases.

Our contributions are as follows: (1) We conduct a detailed analysis of previously over-
looked dataset limitations in existing HOI benchmarks, emphasizing issues arising from
long-tail distributions and class-imbalance. (2) We propose B-RIGHT, the first systemati-
cally balanced HOI benchmark, constructed through a rigorous pipeline that integrates novel
balancing algorithms, automated image generation-and-filtering mechanisms, and meticu-
lous human verification to guarantee dataset reliability. (3) We re-trained and systematically
re-evaluated state-of-the-art HOI models using B-RIGHT, offering comprehensive insights
into their structural and generalization performance under balanced data conditions.

2 Related works
HOI benchmarks. Various benchmarks for HOI detection have emerged over the years, in-
cluding V-COCO [14] and HICO-DET [5]. While both datasets derive from the MS-COCO
dataset, HICO-DET provides more HOI-specific data, involving a broader range of interac-
tion classes and a larger number of images compared to V-COCO. Building upon HICO-
DET’s broad applicability, recent studies have addressed advanced evaluation scenarios in-
cluding zero-shot learning [34, 52]. However, most of these scenarios are being managed
on imbalanced datasets like HICO-DET; thus we take the first step toward introducing and
evaluating a balanced benchmark, aiming to enable more reliable model evaluations.
HOI methods. HOI detection typically comprises two main subtasks: detection and inter-
action classification. Accordingly, the HOI detectors are categorized into the one-stage and
two-stage architectures. One-stage models integrate detection and interaction classification
into a single pipeline, whereas two-stage models first detect objects and then classify the in-
teractions. Recently, most methods incorporate query-based Transformer [44] architectures
into their schemes, and adopt the DETR family [2, 31] as a baseline [42]. Further refinements
have explored specialized query designs [47, 53] to better capture interaction classes. Efforts
to improve interaction understanding for rare classes also include the utilization of founda-
tion models such as CLIP [27, 34], and external knowledge from large-scale datasets [26, 52].
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spread sauce on the
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VLM
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[LLM Question]
‘VLM Descriptions’: VLM Response, 
‘Question’: Based on the descriptions, can you
determine from the text whether a person is {verb} the
{object}? Please response “yes” or “no”.
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[LLM Response]

“Yes, The person is cooking a pizza.”
“No, The person is not cooking a pizza.”

LLM
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Figure 3: Generation–filtering pipeline for collecting class-balanced HOI images. (a) Retrieval-
augmented generation: A real image from HICO-DET is fed to a frozen VLM to obtain a descriptive
prompt; an LLM paraphrases the prompt, and SDXL synthesizes candidate images. (b) Filtering: A
frozen open-world detector localizes people and objects, after which a VLM + LLM pair answers a
yes/no query to verify whether the target HOI is present. Images that fail verification are discarded and
regenerated with paraphrased prompts until the class quota is met or the generation budget is reached.

3 Motivation
Potential issues of HOI dataset. HICO-DET has gained popularity due to its diverse classes
and scenes, but it has critical limitations that compromise reliable evaluation. As illustrated in
Fig. 2a, HICO-DET suffers from a severe long-tail distribution, with instance counts per class
ranging dramatically from over 4,000 down to just 1, far exceeding the imbalance observed
in standard object detection datasets [10, 29]. Furthermore, Fig. 2b shows the significant
variation in the ratio of train to test instances for each class, which is not limited to rare
classes but also appears among non-rare ones, leading to unfair class-wise evaluation. As
a result, many HOI classes remain substantially underrepresented, skewing model training
toward dominant classes and undermining fair comparisons across different approaches.
Impact of long-tail data on model prediction. Class-imbalanced train set is known to bias a
model toward frequent classes [45], thereby degrading HOI performance [20, 57]. When the
test set is also imbalanced, the problem intensifies: classes with few test instances become
disproportionately sensitive to each prediction. Specifically, having fewer test instances in
certain classes amplifies the impact of each prediction on overall performance metrics. To
quantify this impact, we follow PViC [55] and measure the change in average precision
(AP) when a single true-positive (TP) is converted to a false-positive (FP) heuristically. As
depicted in Fig. 2c, we compare two classes with comparable training counts and similar
original AP: Many (more test instances) and Less (fewer). After aligning confidence scores,
replacing the highest-confidence TP with an FP reduces AP far more in Less than in Many,
revealing the sensitivity of mean AP (mAP) to test-set imbalance. Hence, evaluations on
imbalanced test sets can inflate or deflate the reported performance, leading to high variance
and unreliable metrics [43]. A class-balanced test set is therefore essential for faithfully
assessing generalization across diverse HOI instances.

4 B-RIGHT: Balanced HOI dataset construction

Constructing balanced datasets with K classes. We construct a unified dataset by combin-
ing train and test sets to alleviate the skewed representation of the initial train and test sets.
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Then, we choose the value of K classes to (1) cover a diverse objects and verbs, (2) focus on
classes with instance counts near the overall median, and (3) approximate 85:15 ratio train-
test split, with the test set containing only original (i.e., non-synthetic) instances. We sample
images for these classes, and provide details of the sampling and the K selection process in
C. Since the original data follows a severe long-tail distribution, there may still be classes in
the train set with only a few instances even after image sampling. Additional data collection
is necessary for these underrepresented classes. Within the defined K range, we leverage a
generative model to produce sufficient data through advanced prompt construction.

4.1 Retrieval-augmented generation
We adopt a retrieval-augmented approach for constructing prompts to generate high-fidelity
images. Given a HOI class c, we retrieve a real image x from a subset Xc of HICO-DET,
which contains images annotated with the HOI class c. We then leverage a vision-language
model (VLM) [9] to produce context-rich textual descriptions of the reference image. To
precisely control the VLM’s interpretation of the image, we employ prompt-tuning [25],
with detailed prompt examples provided in Appendix Sec. B.3. The resulting descriptive
text pVLM is subsequently used as input for the text-to-image generation model [28]. Af-
ter constructing the prompt pVLM, we feed it to a text-to-image diffusion model, SDXL-
lightning [28] to generate a high-fidelity image x′.
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Figure 4: Example of the generated and crawled im-
ages with (verb,object) pairs.

Filtering process. Despite careful prompt
construction, generated images may still in-
accurately represent target HOIs. To ensure
accuracy, we introduce a multi-step filter-
ing strategy utilizing both VLM [50] and
LLM [19]. Initially, an open-world detec-
tor [32] identifies all persons and objects
in each generated image. Subsequently,
a region-based VLM [50] provides local-
ized descriptions for each potential human-
object pair, and these descriptions are verified by an open-source LLM [19] using carefully
designed query (e.g., “Based on the description, can you check if the person is {verb} the
{object}? Answer ‘Yes’ or ‘No’"). Images confirmed by the LLM as accurately depicting
the intended HOI are retained, while rejected images are either discarded or regenerated
with paraphrased prompts. This loop continues until we obtain the target quota of valid im-
ages or exhaust the generation budget. If the quota is still unmet, we perform a minimal
copyright-free web crawl and run the retrieved images through the same VLM–LLM filter.
The overall pipeline is illustrated in Fig. 3, and Fig. 4 shows representative examples of both
successfully generated and crawled images that passed all filters. Additional details on data
crawling and automated pseudo-labeling are provided in Appendix Sec. D.

5 Experiments

5.1 Experimental settings
Dataset. We construct B-RIGHT, a balanced subset consisting of 351 HOI classes, each
with exactly 50 train and 10 test instances, as described in Sec. 4. Further details on the con-
struction process are provided in Appendix Sec. C. Additionally, we construct a balanced
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Dataset Split Balanced #Images #Instances / #Max / #Min #Classes #Object #Verb

HICO-DET Train ✘ 38,118 117,871 / 4,051 / 1 600 80 117
HICO-DET Test ✘ 9,658 33,405 / 898 / 2 600 80 117

B-RIGHT Train ✔ 6,792 17,550 / 50 / 50 351 78 87
B-RIGHT Test ✔ 1,605 3,510 / 10 / 10 351 78 87
B-RIGHT ZS-Test ✔ 750 1,070 / 10 / 10 107 58 40

Table 1: Statistics of HICO-DET and B-RIGHT. “#Instances," “#Max," and “#Min" represent the
total number of instances across all classes, the maximum number of instances within a single class,
and the minimum number of instances within a single class, respectively. “Balanced" indicates whether
the dataset split is balanced (✔ = Yes, ✘ = No). “ZS-Test" refers to zero-shot test set. Remaining splits
are provided in Appendix Sec. B.6.

zero-shot test set by creating new HOI classes based on novel combinations of objects and
verbs that were seen during training but not combined in the 351 selected classes. To re-
duce the impact of randomness in training, we evaluated the model over four distinct data
splits and reported the mean performance across them. Tab. 1 compares core statistics be-
tween HICO-DET and B-RIGHT, illustrating how B-RIGHT eliminates the extreme class-
imbalances.

HOI Detectors. We evaluate several state-of-the-art Transformer-based HOI detectors. We
employ a set of one-stage models, including DP-HOI [26], HOICLIP [34], GEN-VLKT [27],
CDN [53], CQL [47], and QPIC [42]. Most one-stage models rely primarily on COCO
for pre-training; However, DP-HOI utilizes additional datasets such as HAA500 [7], Kinet-
ics700 [3], Flickr30K [51], Visual Genome (VG)[24], and Object365 (O365)[40]. For two-
stage models, we consider RLIPv2 [52], PViC [55], and UPT [54], which employ large-scale
datasets such as VG, COCO, O365, and HICO-DET during pre-training. Most evaluated
methods adopt the DETR [2] architecture; RLIPv2 specifically utilizes the DAB-Deformable
DETR (DAB-DDETR) [31]. Detailed model configurations are summarized in Appendix
Sec. E. This comprehensive evaluation covers diverse training strategies and architectures
within the balanced setting of B-RIGHT.

Evaluation metrics. We follow the standard practice of using mean average precision (mAP)
to measure HOI detection accuracy. Our evaluation framework consists of two distinct sce-
narios. In the default scenario, models for HICO-DET are trained and evaluated on all
classes, reflecting the dataset’s original design. In contrast, for B-RIGHT, models are trained
and evaluated on 351 classes, which aligns with the dataset’s focus on balanced evaluation.
Furthermore, we evaluate zero-shot performance scenario using two different splits: HICO-
DET’s original rare first unseen composition (RF-UC) [5], which exhibits class-imbalance,
and our newly proposed B-RIGHT zero-shot partition.

5.2 Comprehensive Analysis
Here, we analyze how state-of-the-art HOI detectors perform on our balanced B-RIGHT
compared to HICO-DET, which is imbalanced. We also examine zero-shot performance
across both benchmarks.

Variance in class-wise AP. In Sec. 3, we highlight that imbalanced test sets can lead to high
variance in class-wise performance and undermine the reliability of evaluation metrics. To
address this issue, we demonstrate that balanced datasets support more consistent model per-
formance across classes, thereby reducing variance and improving metric reliability. Fig. 5
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HICO-DET B-RIGHT

Box plot for class AP in state-of-the-art HOI detectorsClass AP

DP-HOI HOICLIP PViC RLIPv2 GENVLKT UPT

HICO-DET B-RIGHT

DP-HOI HOICLIP RLIPv2 GENVLKT

Class AP Box plot for class AP in state-of-the-art HOI detectors

Figure 5: Box plots of class AP for HOI detectors trained/evaluated on HICO-DET and B-RIGHT.
(Left: default / Right: zero-shot setting)

Default Zero-shot (RF-UC)

HICO-DET B-RIGHT HICO-DET B-RIGHT

Model Architecture mAP Rank mAP Rank mAP mAP

DP-HOI [26] one stage 36.56 1 40.85 4 (↓ 3) 30.49 31.81

RLIPv2 [52] two stage 35.46 2 41.61 3 (↓ 1) 21.45 29.97

PViC [55] two stage 34.69 3 43.73 1 (↑ 2) – 37.07

HOICLIP [34] one stage 34.56 4 39.14 5 (↓ 1) 25.53 28.36

GEN-VLKT [27] one stage 33.61 5 38.02 6 (↓ 1) 21.36 4.38

UPT [54] two stage 31.65 6 42.34 2 (↑ 4) – 35.95

CQL [47] one stage 31.58 7 33.59 9 (↓ 2) – 24.68

CDN [53] one stage 31.36 8 35.24 7 (↑ 1) – 27.05

QPIC [42] one stage 29.11 9 34.00 8 (↑ 1) – 24.05

Table 2: Comparison of rankings of HOI detectors on HICO-DET and B-RIGHT. ‘Rank’ indicates
the ranking of models based on their mAP scores, while arrows and numbers denote ranking shifts. The
↑ indicates an improvement in ranking compared to HICO-DET, while the ↓ indicates a decrease in
ranking. The mAP scores for HICO-DET are referenced from previously reported results in their paper.
The symbol (–) indicates models for which official implementation is unavailable.

visualizes the class AP statistics for various models on both HICO-DET and B-RIGHT. On
HICO-DET, all evaluated models exhibit substantial class-wise AP variance, indicating in-
consistent performance across classes. In contrast, B-RIGHT reduces variance and enhances
overall AP, enabling more uniform and reliable performance evaluations. Similar trends are
consistently observed under the zero-shot scenario.We acknowledge that some performance
improvements may result partially from the reduced number of samples per class. However,
the observed decrease in class-wise AP variance across all evaluated models confirms that
our proposed benchmark significantly reduces evaluation bias, enabling more reliable and
fair comparisons.

Ranking shifts on B-RIGHT. Tab. 2 shows that balancing the test set radically reshapes the
leaderboard. On HICO-DET, DP-HOI and RLIPv2 originally occupied the top two positions.
However, when evaluated on B-RIGHT, DP-HOI drops significantly from 1st to 4th (↓3),
suggesting that its reliance on frequent-class priors undermines performance in balanced
scenarios. RLIPv2, despite its robust object-proposal stage, also loses one rank, shifting from
2nd to 3rd (↓1). Conversely, two-stage methods, such as PViC and UPT, notably rise to 1st
(↑2) and 2nd (↑4) positions respectively, indicating that their verb–object disentanglement
strategies were previously underappreciated due to the influence of class-imbalance noise.

Among one-stage methods, HOICLIP and GEN-VLKT both drop by one rank (HOICLIP
from 4th to 5th, GEN-VLKT from 5th to 6th, each ↓1) despite increased absolute mAP
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scores, demonstrating that improvements from removing class-imbalance are broadly shared
across one-stage architectures, with limited relative gains. Notably, CQL drops sharply from
7th to 9th (↓2), as its bias toward frequent classes no longer compensates for weaknesses on
rare classes. Meanwhile, CDN and QPIC each experience minor rank improvements of one
position (↑1), moving from 8th to 7th and 9th to 8th respectively.

Zero-shot evaluation columns (RF-UC) reinforce this trend: detectors exhibiting substan-
tial rank improvements in the balanced default scenario (e.g., PViC and UPT) also achieve
substantial gains without supervision, underscoring that balanced evaluation is essential for
accurately assessing both generalization and absolute accuracy. Overall, B-RIGHT clearly
exposes architecture-specific strengths previously obscured by HICO-DET, transforming
seemingly incremental differences into clear, meaningful distinctions among methods.

Impact of architectural choices. Ranking shifts on B-RIGHT (Tab. 2) clearly expose archi-
tectural contrasts. Two-stage detectors such as PViC and UPT climb sharply to the top ranks
(↑2, ↑4), implying that explicitly separating object detection from interaction classification
yields more balanced verb–object representations. RLIPv2, although a two-stage detector,
falls by only one rank (↓1). Unlike PViC and UPT, whose gains stem from stronger visual
pairwise modelling, RLIPv2 already exploits large-scale language-image pre-training, so its
head-class bias is weaker to begin with and the relative advantage on a balanced test set is
smaller. In contrast, integrated one-stage methods like DP-HOI, HOICLIP, GEN-VLKT and
CQL all lose the original ranking, confirming their greater susceptibility to overfitting fre-
quent interactions and their difficulty in generalising when each class is equally represented.

Impact of pre-training datasets. DP-HOI and RLIPv2 are pre-trained on extensive pre-
training datasets, as detailed in the default setting of Appendix Sec. E. Despite this, both
models experience significant performance drops on B-RIGHT compared to HICO-DET:
DP-HOI falls from first to fourth rank, and RLIPv2 drops from second to third rank, as shown
in Tab. 2. These results indicate that diverse pre-training alone does not ensure improved per-
formance in balanced scenarios. Instead, extensive pre-training may amplify biases toward
frequent classes, with balanced benchmarks like B-RIGHT exposing generalization gaps in
rare categories. This highlights the importance of aligning pre-training strategies on balanced
setting.

Role of foundation models. As shown in Tab. 2, vision-language foundation models like
CLIP [37], which are integrated into networks such as HOICLIP and GEN-VLKT, align
image and text representations to improve semantic understanding. However, these models
show consistent ranking decreases on B-RIGHT, indicating that CLIP cannot resolve biases
from imbalanced train data.

Backbone architecture and feature representation. While many HOI detectors adopt a
basic DETR backbone, RLIPv2 stands out by integrating a more advanced variant, DAB-
DDETR, which typically converges faster and yields richer spatial features. However, despite
this sophisticated backbone and its two-stage design, RLIPv2 underperforms compared to
other two-stage methods such as PViC and UPT that use standard DETR backbone on B-
RIGHT (see Tab. 2). This suggests that a more powerful backbone alone may not be sufficient
under balanced conditions. For backbone scale analysis, please refer to Appendix Sec. A.

Comparison to models in zero-shot balanced test set. In Tab. 2, two-stage architectures
(e.g., PViC and UPT) lead the rankings with 37.07 and 35.95 mAP respectively, demonstrat-
ing the advantages of separating detection from interaction classification. Their explicit two-
stage pipeline proves effective at generalizing to unseen verb–object combinations, aligning
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Figure 6: Visualization of HOICLIP [34] predictions on B-RIGHT.

with our findings in the default setting. Furthermore, DP-HOI and RLIPv2, which utilize
specialized zero-shot or large-scale pre-training strategies, achieve 31.81 and 29.97 mAP,
respectively. DP-HOI achieves a strong performance of 31.81 mAP, maintaining its com-
petitiveness despite shifting from its previous top ranking in the RF-UC setting. Likewise,
RLIPv2 demonstrates resilient performance (29.97 mAP) when transitioning from the RF-
UC to the balanced setting, suggesting that its pre-training pipeline is particularly effective
at handling balanced zero-shot scenarios.

Notably, HOICLIP and GEN-VLKT, despite both leveraging CLIP-based knowledge for
enhanced zero-shot capabilities, achieve lower mAPs of 28.36 and 4.38, respectively. This
indicates that while CLIP frameworks are effective in certain zero-shot splits (like the RF-
UC setting), they may not consistently perform well across all zero-shot setting, particularly
with balanced unseen class distributions. For a more analysis of HOICLIP and GEN-VLKT,
please refer to Appendix Sec. A. These findings highlight how zero-shot performance de-
pends on multiple factors, including architectural choices, specific pre-training approaches,
and auxiliary network such as CLIP.

6 Discussion and Limitations
Here, we analyze the potential bias introduced by training with synthetic data and its impact
on evaluating real HOI images, followed by a discussion of our method’s limitations.
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Figure 7: mAP during training: with vs.
without synthetic data in B-RIGHT.

Verification of utilizing synthetic data in train
set. Fig. 6 presents the prediction results of the HOI
detector [34] trained on B-RIGHT and evaluated
on real test images. The results indicate that the
model performs well on real data, demonstrating
no noticeable bias introduced by the use of syn-
thetic images. Furthermore, we compare the per-
formance of HOI detectors trained with and with-
out synthetic data in B-RIGHT in Fig. 7. We ob-
served that the inclusion of synthetic images leads
to consistent performance improvements. These re-
sults align with prior works utilizing synthetic data
for training [12, 48, 49], providing clear justification for incorporating synthetic images into
our train dataset to enhance generalization in HOI detection.
Limitations. Although B-RIGHT alleviates extreme class-imbalance, each HOI category is
limited to a fixed number of instances, reducing overall coverage compared to larger-scale
datasets. In addition, we rely partly on synthetic images and web-crawled samples, which
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may not capture every nuanced real-world interaction. Nevertheless, this controlled balanc-
ing process offers a uniquely unbiased dataset for fair model comparisons, and we believe
these limitations can be addressed by future expansions with more diverse data sources and
improved generation techniques.

7 Conclusion
We addressed the challenge of imbalanced data in HOI detection benchmarks by introducing
B-RIGHT, a new dataset that guarantees an equal number of instances for each interaction
class. This balanced design exposes latent class biases overlooked in previous long-tailed
benchmarks, enabling more transparent analysis of architectural innovations, training strate-
gies, and foundational model. Our experiments show that B-RIGHT significantly reduces
class-wise variance, revealing new insights such as the consistent advantages of two-stage
methods under balanced conditions. By offering a more fair evaluation framework, we hope
B-RIGHT will stimulate further progress in HOI detection, allowing researchers to better
pinpoint areas for improvement and advance visual reasoning in more robust, equitable ways.
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