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Abstract  1 

Social behavior is a sensitive readout of brain state, but quantifying rodent social 2 
behavior at scale has relied on siloed, lab-specific tools. We assembled Days of our 3 
Mice (DooM), a benchmark of manually annotated video and pose tracking spanning 15 4 
laboratories and 33 social and solitary behaviors, and hosted a community behavior 5 
classification challenge. We built on challenge solutions to develop the High-6 
Dimensional Rodent Annotator (HiDRA), a behavior classification tool that generalizes 7 
to labs unseen during training and learns cross-lab movement features. Applied without 8 
retraining to experimental data, HiDRA resolves line-specific and state-dependent 9 
behavioral fingerprints with strong generalizability and reproducibility, establishing high-10 
resolution, shareable social phenotyping as a scalable readout of brain and internal 11 
state. We release the DooM dataset and HiDRA classifiers as open resources.  12 

 13 

Introduction 14 

Control of social behavior is an essential brain function that is inextricably linked to 15 
survival. It engages systems for sensory processing, learning and memory, planning 16 
and cognition, context-dependent decision-making, and motor control, and it shifts with 17 
an animal’s genetic background, development, experience, and internal state(1–4). 18 
Social behavior thus holds a privileged position as a highly attuned lens into brain 19 
state(5–7): its alteration is an indicator of dysfunction across the lifespan, for example in 20 
autism, schizophrenia, mood disorders, and neurodegeneration(8–14), and of state 21 
perturbations such as pain, stress, hunger, and illness(15–18). Mouse models remain 22 
an essential means of linking these effects to underlying biological mechanisms. 23 

Socially interacting animals produce a rich and time-evolving repertoire of actions. 24 
Standard social behavior assays like the three-chamber test sacrifice this richness for 25 
ease of throughput(19, 20). The alternative approach of studying free social interactions 26 
historically relied on manual, frame-by-frame scoring of animals’ actions, but has been 27 
supplemented in recent years by machine learning(21–31). In supervised behavior 28 
classification, human-defined behaviors are detected from features of animal pose(32, 29 
33) or video; supervised classifiers can match human performance given adequate 30 
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training examples(24, 34). But supervised methods rely on costly human-generated 31 
training data and do not generalize to new experimental settings(35, 36). Thus, while 32 
machine learning promises to accelerate behavior analysis, trained models for 33 
classification and the definitions of actions themselves still remain siloed within labs(30). 34 

Whether a common vocabulary of social behavior can be detected and quantified 35 
across diverse experimental settings is unknown.To answer this question, we 36 
assembled Days of Our Mice (DooM), a dataset of manually annotated video and pose 37 
tracking contributed by 15 laboratories, spanning 180 hours and 33 social and solitary 38 
behaviors, and challenged the machine learning community to build classifiers from it. 39 
Building on the winning approach, we trained the High-Dimensional Rodent Annotator 40 
(HiDRA), a single model that scores all 33 behaviors according to each lab’s working 41 
definitions, producing 82 distinct classifier heads. HiDRA learns a shared representation 42 
of movement, from which the same behavior can be read out regardless of experimental 43 
setting. As a result, its classifiers can be transferred to new settings not seen during 44 
training, and are robust to variation in video resolution, frame rate, and appearance, 45 
outperforming direct video-based methods. Applied without retraining to test cases of 46 
social phenotyping in mouse lines with autism-associated mutations and in a multi-day 47 
experience assay, HiDRA reproduced and extended previously reported findings. We 48 
release DooM and HiDRA as open resources for high-resolution, shareable social 49 
phenotyping and as the new standard for pre-clinical social behavior benchmarking. 50 

 51 

The Days Of Our Mice (DooM) is a cross-laboratory dataset of mouse social 52 
behavior 53 

Previous tools and benchmarks(37–42) for rodent behavior quantification have focused 54 
on single-lab settings; such methods fail on datasets that are out of the training 55 
distribution of one lab’s data, making it infeasible to share or combine classifiers across 56 
datasets. To overcome this limitation, we constructed the Days Of Our Mice (DooM), a 57 
multi-lab benchmark dataset for framewise action annotation in socially interacting mice 58 
(Fig 1A). DooM consists of over 600 top-view videos of mouse social interactions in 59 
diverse experimental settings (Fig 1B), accompanied by metadata, markerless pose 60 
estimation, and frame-by-frame manual behavior annotation. 61 

Our goal in constructing DooM was to capture the true heterogeneity of mouse social 62 
behavior experiments, and the dataset exhibits at least an order of magnitude variation 63 
in most dimensions of experimental metadata (Fig 1C). Biological variability across the 64 
dataset includes age, sex, strain, and experimental background of the animals (Fig 1D-65 
E). While not all labs reported consistent cross-session identity for all animals, this data 66 
is also provided where known; a subset of animals appear across multiple assays, 67 
allowing for study of reidentifiability (Fig 1F). Each contributor lab maintains its own 68 
mouse pose representation (Suppl Fig 1), but we applied modest renaming of body 69 
parts for ease of use. 70 

The videos in DooM are all derived from prior experiments, and the behaviors annotated 71 
reflect the choices and operational behavior definitions of those original studies. Labs 72 
used a total of 121 unique strings to identify behaviors across the dataset; after 73 
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grammatical standardization and merging based on documentation and visual 74 
inspection, we condensed these to 46 unique behaviors, of which we identified a final 75 
subset of 33 that were annotated consistently and with sufficient examples for 76 
downstream analysis (see Methods). Of the 33 behaviors in DooM, 13 are unique to 77 
individual labs. The remainder were all annotated by at least two labs, permitting 78 
analysis of cross-lab agreement in behavior definitions. In total, the dataset contains 82 79 
distinct lab-behavior pairs (Fig 1G). Annotated actions span a range of timescales, with 80 
typical durations on the order of milliseconds to seconds (Fig 1H). 81 

 82 

A community-scale benchmark for automated social behavior recognition 83 

To define state-of-the-art performance for frame-wise behavior classification, we ran a 84 
two-month challenge on Kaggle using the DooM dataset (Methods, Suppl Fig 2A). We 85 
augmented available classifier training data by converting the previously published 86 
CalMS21(38), MABe22(40), and CRIM13(37) datasets into the DooM format, totaling 87 
395 hours of data across 9,039 videos. We also updated CalMS21 with expanded 88 
manual annotations of behaviors for the Supplemental and Task 1 datasets. 89 

The challenge drew over 30,000 submissions and 200 tutorial notebooks from 1,781 90 
participants in 85 countries. The five top-ranked submissions achieved an average F1 91 
score of 0.537 on the held-out test set (Suppl Fig 2B). The second- through fifth-place 92 
solutions used a combination of neural network-based approaches (recurrent neural 93 
networks (RNNs), graph neural networks (GNNs), and Transformers) and classical 94 
machine learning methods (gradient-boosted trees, via XGBoost), operating on hand-95 
crafted features such as per-mouse and pairwise velocities, distances, and angles. The 96 
top submission stood out for its use of self-supervised learning for feature extraction, via 97 
a pair of GNNs trained to forecast keypoint movements for single animals and animal 98 
pairs. This advantage of learned over hand-crafted features is consistent with previous 99 
work(31, 43–45). 100 

 101 

The High-Dimensional Rodent Annotator (HiDRA) captures the behavioral 102 
repertoire of freely interacting mice  103 

Building on the competition outcome, we developed a lightly modified version of the 104 
first-place model, and retrained it following additional refinement of the DooM dataset 105 
(Methods). We call this retrained, 82-head model the High-Dimensional Rodent 106 
Annotator (HiDRA, Fig 2A). We used HiDRA to generate predicted ethograms of all 107 
behaviors in the DooM test set (Fig 2B), and evaluated their ability to recover common 108 
summary statistics used in behavioral analysis (Fig 2C-D). HiDRA achieves a per-lab 109 
macro-average F1 score of 0.66 when evaluated on the DooM test set (Fig 2E).  110 

To ask whether reliance on 2d keypoints imposes a significant limit on classifier 111 
performance, we replaced HiDRA’s GNN feature extractor with features extracted 112 
directly from videos using the VideoPrism foundation model(46, 47), and retrained the 113 
HiDRA supervised classification model on this rich feature input. Surprisingly, the pose-114 
based model outperformed video-derived features for 80 out of 82 tested behaviors 115 
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(Suppl Fig 3), indicating that pose keypoints are a highly effective representation for 116 
classification of the behaviors annotated in DooM. Future efforts to either improve video 117 
foundation models or fine-tune video foundation model backbones to mouse 118 
experimental data(48–50) may overcome these limitations; the DooM benchmark videos 119 
will be a useful resource for this effort. 120 

 121 

Identifying predictors of classifier performance across 82 lab-behavior pairs 122 

The top-performing architectures in our competition had highly correlated F1 scores 123 
over behaviors (Suppl Fig 2D), suggesting that classification difficulty is a property of 124 
the data itself rather than of any particular architecture. We therefore used DooM and 125 
HiDRA to study at scale the factors that limit behavior classifier performance. 126 
 127 
We hypothesized that one limiting factor in HiDRA classifier F1 score was annotation 128 
jitter: bout-to-bout variation in the timing of manual annotation onset, which arises 129 
because humans struggle to label transitions consistently(24, 51, 52). We decomposed 130 
the errors of all 82 HiDRA classifiers into extra bouts, missed bouts, misidentified 131 
behaviors, and jitter errors falling within half a second of a ground-truth bout (Methods). 132 
For roughly half of classifiers, errors were dominated by annotation jitter (Fig 2F-G). 133 
Because they apply a fixed classification rule, HiDRA classifiers may in these cases 134 
provide a more reproducible threshold for behavior onset than human observers. 135 
 136 
To identify experimental factors that best predict classifier performance, we next 137 
compiled a set of candidate features that could impact classifier accuracy, regressed 138 
the 82 classifier F1 scores against them, and ranked features by permutation 139 
importance (Fig 2H). Training data volume was the strongest driver of model 140 
performance. An additional strong predictor was behavior rarity, defined as the fraction 141 
of scored frames that were labeled for the subject behavior, suggesting that data 142 
imbalance corrections(53) could improve performance. Finally, behaviors with shorter 143 
bouts also had lower F1 scores, likely reflecting annotation jitter at bout boundaries. 144 

Notably, the video framerate, video resolution, and number of tracked keypoints were 145 
only weakly correlated with classifier performance, and were not predictive of 146 
performance in the permutation importance test. This suggests that within the broad 147 
range of experimental settings represented in DooM, HiDRA classifier performance is 148 
largely invariant to acquisition hardware and tracking configurations.  149 

 150 

HiDRA classifiers generalize across experimental settings 151 

HiDRA’s high performance in diverse experimental conditions shows that its learned 152 
representation is highly expressive, but does not tell us how it is structured. If HiDRA 153 
entangled movement with lab-specific appearance, classifier heads for the same 154 
behavior would need distinct readout weights across labs, whereas if it learned a shared 155 
representation of movement, those heads would be similar. Supporting the latter, cosine 156 
similarity among HiDRA heads is high for the same behavior across labs (Suppl Fig 4). 157 
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Because HiDRA is trained on data from many labs, and appears to have learned a 158 
common representation of movement, we hypothesized that HiDRA classifiers could 159 
also be transferred between labs without retraining. To test this, we first evaluated 160 
HiDRA on the CalMS21 benchmark. Although CalMS21 pose trajectories were included 161 
in training HiDRA’s self-supervised GNN, CalMS21 behavior annotations were never 162 
seen by the supervised classification network. Strikingly, all tested HiDRA classifiers 163 
agreed closely with held-out human annotations on CalMS21 (Fig 3A), and achieved 164 
competitive F1 scores, despite having been trained on labels from different annotators, 165 
on different videos, from different labs (Fig 3B).  166 

To test broader generalizability, we performed a leave-one-lab-out experiment on 167 
DooM, retraining the HiDRA supervised classification network with all data from one 168 
held-out lab excluded. F1 scores on held-out labs were variable: in home-cage settings 169 
with typical pose skeletons, performance neared that of the base model. In settings that 170 
were unique to single labs, such as four-animal experiments and datasets with 171 
unconventional pose skeletons, F1 scores were lower, although they could be 172 
recovered with fine-tuning (Fig 3C, Suppl Fig 5). 173 

Finally, we examined cross-lab performance within DooM itself, by evaluating each 174 
HiDRA classifier on every lab that annotated that behavior. In keeping with the leave-175 
one-lab-out lab experiment, some classifiers performed as well on other labs’ data as on 176 
their own (Suppl Fig 6-7). However, other classifiers failed to generalize: this could 177 
reflect either technical barriers, like limited training data on some tasks or a failure of 178 
those classifiers to learn lab-invariant readouts, or more biological ones, like lab-to-lab 179 
differences in how behaviors are operationally defined or how animals perform the 180 
behavior. 181 

 182 

HiDRA classifiers reduce annotation burden for both pose and behavior 183 

To support training of new HiDRA classification heads, we developed and benchmarked 184 
a human-in-the-loop (HITL) classifier training pipeline using a new dataset of three-185 
animal homecage behavior that was never used in HiDRA's development (Fig 3D). In 186 
HITL annotation, a small number of manual behavior annotations are used to train an 187 
initial machine learning model; predictions of that model on held-out data are then 188 
manually refined, and training is iterated (Fig 3E). 189 

We annotated three behaviors, two of which (self-groom and sniff genital) had 190 
pretrained HiDRA classifiers. In line with our generalization experiments, HiDRA's self-191 
groom and sniff genital classifiers performed well before any fine-tuning (Fig 3F). We 192 
then fine-tuned only the output head of each classifier on annotations from two other 193 
clips. This took under 10 minutes on a single GPU and improved both classifiers 194 
(Methods). The same procedure produced an accurate classifier for a new behavior 195 
(jump down) by retraining the head of the closest pretrained class, climb, which 196 
detected jump down at near-chance level (F1 = 0.07). 197 

Importantly, head fine-tuning leaves HiDRA's other classifiers untouched, so a new 198 
behavior can be added in minutes without affecting the rest of the model. Training 199 
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additional layers of the supervised model (temporal filtering layers plus classifier head, 200 
Fig 2A) took over an hour and did not improve performance (Suppl Fig 8). Manually 201 
annotating these three behaviors in each of three mice in 30 min of video took 8.7 202 
hours, with a majority of that time spent searching the video for bouts. HITL replaces 203 
this search with a review of HiDRA's candidate bouts, which cut annotator time 1.9- to 204 
4.5-fold (Fig 3G, Methods). 205 

The second annotation bottleneck faced by HiDRA users is in training pose models. 206 
Therefore, we next examined the dependence of classifier performance on pose model 207 
training set size. Using the manual pose annotations from CalMS21, we trained SLEAP 208 
pose models on between 10 and 10,000 frames (32). Smaller training sets produced 209 
more dropped keypoints and greater pose jitter, producing a range of structured pose 210 
errors (Fig 3H). Whereas pose estimation quality continued to improve at up to 10,000 211 
frames of training data (Fig 3I), zero-shot HiDRA performance nearly plateaued by 100 212 
frames for attack and sniff and 500 frames for mounting (Fig 3J), indicating that HiDRA 213 
is highly robust to pose estimation errors. This demonstrates its compatibility with 214 
practical usage in new experimental settings with minimal annotation burden. 215 

 216 

HiDRA enables interpretable high-throughput behavioral phenotyping 217 

To demonstrate how HiDRA can be used for behavioral study, we tested its classifiers 218 
on a previously published dataset(24) of resident-intruder behavior in males from four 219 
mouse lines with autism-associated mutations (Fig 4A). HiDRA classifiers reproduced 220 
previously reported phenotypes of these animals with no fine-tuning (Fig 4B, Suppl Fig 221 
9), and uncovered further differences in other behavior categories (Fig 4C-D). 222 

HiDRA can also be used to identify changes in the transition structure of behaviors. For 223 
example, computing the transition matrix for single-housed Nlgn3 heterozygotes and 224 
their wild-type littermates revealed several transition types that showed enrichment or 225 
reduction in heterozygotes (Fig 4E). Noting the enhanced probability of transition from 226 
aggressive to appetitive behaviors, we examined behavior following the termination of a 227 
fighting bout, revealing that the increased rate of attack to approach transitions 228 
stemmed from heterozygotes showing an increased propensity to separate from and re-229 
engage social partners (Fig 4F). Thus, beyond scoring how much time animals spend 230 
engaging in behaviors, HiDRA annotations can be combined with interpretable pose-231 
derived features to gain an understanding of detected phenotypes. 232 

To evaluate the information content of HiDRA annotations and pose data, we trained 233 
decoders to infer the genotype of mice in the autism dataset (Fig 4G). Bout statistics 234 
alone were sufficient to distinguish genotypes in two of four lines. Incorporating 235 
behavior-conditioned movement features outperformed bout statistics on every line, 236 
achieving performance that was comparable to decoders trained on keypoint-MoSeq 237 
syllables(54). HiDRA-conditioned movement features are therefore a phenotype readout 238 
on par with a purpose-fitted unsupervised model, but are obtained without model 239 
training and are natively human-interpretable.  240 
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In a second dataset, we tested how behavior changes with repeated testing alone: 41 241 
male mice tested on three consecutive days with either male or female intruders(55) 242 
(Fig 4H). These recordings were part of the self-supervised training of HiDRA, but not of 243 
the classification heads. We found that HiDRA classifiers closely agreed with manual 244 
annotators in scoring effects of experience, including those driven by subtle distinctions 245 
such as mounting with vs without intromission (Fig 4I). Extending our analysis to the full 246 
suite of HiDRA classifiers, we found a broad, intruder-sex-specific restructuring of 247 
resident behavior across days, spanning appetitive, investigative, aggressive, and 248 
nonsocial behaviors (Fig 4J). 249 

 250 

Discussion 251 

Automated behavior phenotyping has long promised to remove bottlenecks in 252 
behavioral neuroscience, scaling assays both in resolution and throughput. Progress 253 
has been constrained by a structural problem: building a classifier that generalizes 254 
across experimental contexts and research sites requires expertise in both animal 255 
behavior and machine learning. The result has been a field of one-off tools, each trained 256 
and deployed within individual labs. By assembling fifteen laboratories into a consortium 257 
willing to share raw, previously siloed data, we established a dataset substantially larger 258 
and more representative of real world variability than was previously available (Suppl. 259 
Table 1). This data curation effort opened automated phenotyping as a challenge for 260 
the machine learning community, and a Kaggle-hosted competition drew 1,781 261 
participants from 85 countries to explore this problem in a span of two months. We 262 
release DooM’s videos, pose tracking, and behavior annotations openly alongside 263 
HiDRA to facilitate further development. 264 

DooM’s scale and heterogeneity enabled us to ask a question that could not be studied 265 
previously, namely whether classifiers trained across many laboratories can learn 266 
generalized representations of animal movement. It is possible to treat each DooM lab’s 267 
data as a separate classification task, and even a single model trained on the full DooM 268 
dataset might have solved the classification problem by learning lab-specific solutions. 269 
But we instead found that HiDRA encodes the same behavior from different labs in a 270 
similar way (Suppl Fig. 4), to the extent that the model can be transferred to 271 
laboratories and datasets it was never trained on (Fig 3). This distinguishes HiDRA from 272 
previous supervised behavior classifiers, which by construction cannot be shared 273 
across labs, and for the first time provides a platform for true behavioral generalizability 274 
and reproducibility across research sites. 275 

Perhaps the most unexpected finding to emerge from DooM is what did not predict 276 
classifier performance. We had expected data acquisition parameters like frame rate, 277 
resolution, and number of tracked keypoints to be major drivers of performance. 278 
Instead, these factors were only weakly associated with F1 score, and were not 279 
predictive in a permutation importance analysis (Fig 2H). This argues against the 280 
instinct to over-invest in acquisition hardware: a lab does not need a high-framerate, 281 
high-resolution camera, a densely tracked skeleton, or a video foundation model (Suppl 282 
Fig 3) to achieve accurate classification of rodent behaviors. Thus, democratization of 283 
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behavioral classification is accessible to all labs regardless of hardware and compute 284 
constraints. 285 

To demonstrate how HiDRA can support biological insight, we used HiDRA to reanalyze 286 
resident-intruder data from four autism-associated mouse lines and from a multi-day 287 
experience assay, applying all 33 behavior classifiers simultaneously. Our analysis 288 
revealed genotype-, housing-, and experience-specific effects (Fig 4). Because each 289 
HiDRA head is a named behavior rather than a latent dimension, the effects in Fig 4 are 290 
human-interpretable, simplifying the transition from data visualization to design of 291 
follow-up experiments. HiDRA’s utility should extend to any setting where internal state 292 
or experimental context might reshape social behavior, with applications in drug 293 
screening, circuit perturbation experiments, addiction, metabolic research, and aging 294 
studies.  295 

Limitations 296 

While HiDRA characterizes whole-body social behavior, it is not a substitute for 297 
classifiers targeting fine motor phenotypes such as gait or grasping. It cannot report 298 
behavior outside its 82 named heads unless a new classifier is trained. An open-299 
vocabulary approach such as MouseGPT(41) could in principle identify additional 300 
behaviors, but will require careful vetting. Additionally, while HiDRA is robust to noisy 301 
pose estimates, it cannot correct identity swaps. We note however that unexpected 302 
HiDRA labels could be useful as an indicator that swaps have occurred: for example, an 303 
unusually low F1 score on one DooM video helped us find and correct an identity swap 304 
in that video’s tracking. Increasing the output of behavior assays from one value to 82 305 
also increases the importance of appropriate correction for multiple comparisons. Users 306 
of HiDRA will need to select a correction appropriate to their experimental design. 307 
HiDRA does not yet report per-bout confidence scores, and it is best used to augment 308 
manual annotation rather than to fully replace it. Finally, HiDRA has so far only been 309 
validated in mice, and its extension to other small quadrupeds remains to be tested.  310 

Creation of HiDRA was enabled by DooM, which offers many opportunities for further 311 
study and extension. However, its scale and heterogeneity, and the heterogeneity of 312 
behavioral experiments in general, still present barriers to growth. Harmonization of the 313 
15 contributed datasets included data intake, pose label standardization, and curating 314 
121 raw labels to 33 named behaviors, as well as collecting experimental metadata for 315 
which no consensus standards exist. The list of post-competition corrections (Methods) 316 
speaks to the many subtle ways that data intake can fail. Extending this dataset while 317 
maintaining quality is nontrivial, and will require sustained effort by domain experts.318 
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Data and Code Availability 

General information about HiDRA may be found at: 
https://neuroethology.github.io/hidra-site 

The DooM dataset may be found on the EMBER archive at: 
dandi.emberarchive.org/dandiset/000564?pos=1 

The competition version of the dataset, which excludes videos and the corrections 
outlined in the Methods, may be found at: http://kaggle.com/competitions/MABe-mouse-
behavior-detection/.  

Code for running HiDRA may be found at: https://github.com/neuroethology/HiDRA 

Code for human-in-the-loop annotation and classifier training may be found at: 
https://github.com/talmolab/laras-labeler 

The weights for the trained HiDRA model may be found at: 
https://huggingface.co/Neuroethology/HiDRA 
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Figure 1. The Days Of Our Mice (DooM) benchmark dataset captures the diversity 2 
of mouse social behavior experiments. A) DooM is a dataset of videos, markerless 3 
pose estimates, and framewise manual annotations of behavior, to be used to 4 
benchmark models for supervised action detection in socially interacting mice. B) 5 
Representative video frames from the 15 contributor labs in the DooM dataset. The 6 
diversity of video appearances poses a challenge for automated action recognition that 7 
generalizes across labs. C) Left: Example images contrasting highest- and lowest-8 
resolution videos in the dataset. Right: Distribution of video acquisition settings across 9 
the dataset; points are individual videos, box plots reflect median and interquartile 10 
range. D) Strain breakdown of mice in the dataset. E) Sex balance of mice in the 11 
dataset. F) Frequency of animal re-appearance across videos, in instances where 12 
individual identity was recorded; note that this reflects only a subset of videos in the 13 
dataset. G) Matrix of behaviors annotated per lab, colored by number of minutes of 14 
behavior annotated (square root color scale). Non-competition datasets are shown at 15 
the bottom of the table and marked in gray. Rightmost columns give the total number of 16 
annotated minutes from each lab and total duration of behavior videos. Note that on 17 
some video frames, none of the annotated behaviors are occurring. H) Distribution of 18 
bout durations for each behavior in the dataset, merged across labs and including the 19 
supplementary datasets (CRIM13 and CalMS21). Vertical scale bar is 2% probability 20 
density. 21 
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Figure 2. Supervised classifiers trained on self-supervised pose features detect a 23 
variety of mouse behaviors. A) HiDRA network architecture. B) Ethogram for a 24 
representative video showing human-annotated bouts (black) vs classifier predictions 25 
(gray) for five behaviors. C) HiDRA classifiers accurately capture time spent engaged in 26 
behavior, falling within a 10% margin of error in 29 of 82 classifiers. ( D) HiDRA 27 
classifiers modestly overestimate bout counts compared to humans. 12 of 82 classifiers 28 
fall within a 10% margin of error; merging bouts less than 500 ms apart increases this to 29 
22 of 82. E) Classifier F1 score for the 33 behaviors in the DooM dataset. Points reflect 30 
classifiers from different labs trained for the same behavior. F) Classifier-detected 31 
behavior onset relative to human annotations, showing behavior-specific jitter in onset 32 
detection. Jitter levels are largely correlated with bout duration and speed of behavior.  33 
G) Breakdown of classifier error types contributing to F1 score, revealing 34 
heterogeneous basis of error across classifiers. High-performing classifiers are 35 
dominated by jitter errors (TP/FP frames occurring within 0.5 seconds of a GT bout). 36 
Errors related to extra bouts are candidates for human annotation error. H) Identification 37 
of metadata features that predict classifier F1 score. Left: Spearman’s ρ between 38 
metadata values and F1 score for each feature, sorted by magnitude. Right: 39 
permutation importance of metadata features in a cross-validated regression model 40 
trained to predict F1 score, showing training set size and bout duration to be the 41 
clearest drivers of classifier performance.  42 
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 44 

Figure 3. Cross-lab generalization and comparison. A) F1 score for attack, 45 
investigation (“sniff”), and mounting by HiDRA classifiers for all labs that scored those 46 
behaviors (markers) and best-performing classifier (bar), both naive and with threshold 47 
fine-tuning, compared to F1 scores achieved by the top-performing model in the original 48 
CalMS21 benchmark.  B) Sample ethogram showing ground-truth manual annotations 49 
from CalMS21 (“gt”) alongside predictions from HiDRA classifiers trained on six DooM 50 
labs, with threshold tuning on CalMS21 training set. C) Fine-tuning of HiDRA classifiers 51 
on held-out labs in the leave-one-lab-out experiment, showing F1 score as a function of 52 
training set size; dashed lines indicate performance of baseline HiDRA model.  D) 53 
Sample video frame from new lab test dataset. E) Schematic of human-in-the-loop 54 
(HITL) classifier training (above) and threshold tuning (below). F) Performance of 55 
HiDRA classifiers on DooM labs (reproduced from Figure 2) compared to performance 56 
on the new lab’s data, out-of-the-box (“no tuning”) and after fine-tuning. Plotted points 57 
for DooM bars reflect F1 score of different labs’ classifiers on their test sets; plotted 58 
points for fine-tuning reflect multiple seeds. G) Effort allocation during manual vs HITL 59 
behavior annotation. H) 90% accuracy radii of SLEAP models trained on the CalMS21 60 
benchmark, with increasing amounts of training data.  I) Fraction of missing keypoints in 61 
SLEAP predictions as a function of SLEAP training set size. J) F1 score of HiDRA 62 
classifiers on pose-degraded CalMS21, threshold tuning only (thick lines = averages 63 
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across classifiers: 8 labs for attack, 10 labs for sniff, 2 labs for mount+intromit, 64 
collectively labeled here as mount.)  65 

 66 
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Figure 4. Application of HiDRA to sample experimental datasets. A) Design of the 67 
autism-line experiment Segalin et al. (1). B) HiDRA-derived time spent attacking in 68 
group-housed animals, showing that HiDRA classifiers recapitulate two statistical 69 
significance findings of Seglin et al. (n=8-10 mice per condition, exact group sizes in 70 
Methods; mean ±  SEM)  C) Effect of genotype on time spent in each of the 25 71 
behaviors in group-housed mice, expressed as Cohen’s d. Behaviors are grouped and 72 
colored by category. Stars indicate significance from two-tailed t-tests. Hatched cells 73 
could not be tested because no animal expressed the behavior in either the 74 
heterozygous or wild-type group. Green box marks the comparison shown in B. D) 75 
Effect of housing in het mice (SH vs. GH within mice), expressed as Cohen’s d. Stars 76 
indicate significance from paired t-tests. Green box marks the comparison shown in B. 77 
E) Behavior transitions that show elevated (red) or reduced (blue) likelihood in 78 
heterozygous Nlgn3 mice compared to wild-type littermates, both groups tested in the 79 
single-housed condition. F) Enhanced likelihood of attack-approach transitions in 80 
heterozygotes can be explained in terms of an increased likelihood of separation 81 
following attack in heterozygotes, as well as an increased likelihood of re-engagement 82 
within a two-second window. (n=8 mice per condition, mean ± SEM). G) Performance of 83 
decoder predicting genotype of a held-out mouse using behavior bout statistics 84 
produced by HiDRA, statistics + kinematics, or pure unsupervised movement 85 
segmentation (see Methods). H) Design of the multiday experience experiment. Group-86 
housed male mice were tested in an R-I assay over three days with either a male or 87 
female intruder (n=22 paired with male, n=19 paired with female). I) HiDRA-derived 88 
statistics compared to manual labeling: percent of mice showing mounting and attack 89 
behaviors towards male intruders (left) and mounting and intromission behaviors 90 
towards female intruders (right), as a function of experience in the resident-intruder 91 
assay. J) Time per session spent in each of the six behavior categories on days 1-3 for 92 
male-male and male-female pairs. Points are individual mice; lines show mean +/- SEM. 93 
Stars mark paired t-test on the per mouse day 3 - day 1 difference within each pairing 94 
type, Benjamini-Hochberg corrected over seven (object-oriented not shown) behavioral 95 
categories (* q < 0.05, ** q < 0.01, *** q < 0.001). 96 
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