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ABSTRACT

We study the problem of recognizing actions from a minimalist motion stimuli
with no appearance cues. We frame this as an instantiation of Johansson’s fa-
mous experiments in 1973 on recognizing actions from a video showing a handful
of moving keypoints against a black background. While this collection of key-
points seems to be spread arbitrarily in a single frame, their motion enables ac-
tion perception. We establish that modern MLLMs are not able to represent such
signals. The objective of this paper is then to enable video models to be sensi-
tive to such subtle motion stimuli. To perceive this minimalist motion and rec-
ognize actions, we propose a novel two-step Recognition by Imagination (RBI)
approach: (i) imagination: we fine-tune a video generation model to generate a
realistic video solely from the keypoint stimuli, (ii) recognition: then, we employ
a standard MLLM to classify the action. RBI significantly outperforms frontier
MLLMs and shows superior generalization compared to supervised fine-tuning
of open MLLMs. Interestingly, while RBI is fine-tuned on keypoint videos, it
exhibits some surprising emergent capabilities. It works off-the-shelf with novel
stimuli such as silhouettes, shape outlines, and even event-based camera inputs.
Finally, we also show that the same model, fine-tuned only on keypoint videos,
qualitatively generalizes to other psychophysical form-from-motion stimuli.

1 INTRODUCTION

The visual world around us is dynamic. Movement of other humans is one of the most predomi-
nant motion we observe through our lifespan. Naturally, human motion has been of keen interest to
psychophysicists and neurologists. This interest was particularly accentuated by the pioneering ex-
periments of Gunnar Johansson in 1973. He showed that humans can effortlessly recognize actions
even when the kinematic motion patterns are represented by only a handful of light points attached to
the major body joints (Johansson, [1973;|Grossman et al., 2000’} Individual static frames may look
like a meaningless group of points, yet when the sequence moves over time, we instantly perceive
it as a human activity. This ability is regarded as biological motion perception since it goes beyond
human motion to perceiving other animal motion too. Johansson’s keypoints represent a minimal
gist of motion, disentangling it from other static cues like appearance, objects and background.

Multimodal LLMs (MLLMs) trained on web-scale video data are very strong at recognizing or
localizing actions (Bai et al.l 2025). But how much of this ability stems from static appearance
cues (e.g., single-frame or an unordered set of frames) vs. temporal motion cues? Moreover, if
we gradually strip off appearance cues, what is the minimal representation of motion perceptible
to MLLMs? Evaluation analogous to Johansson’s original experiments for modern video models
presents a unique opportunity to investigate these questions. Furthermore, as the human experiments
show, there is sufficient signal to infer the action despite the sparsity in keypoints. The challenge,
then, is: what computational approach is capable of extracting this signal in a generalizable manner?

To measure progress systematically, we introduce a benchmark, JohanssonBench to quantify
action perception on Johansson’s keypoint (JKP) stimuli constructed from two existing human action
datasets (Shahroudy et al., [2016; |Chen et al) |2015). We use a language-based evaluation since
semantic actions are well defined in language, and, it allows us to test generalization robustly. The
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evaluation is divided into three splits to measure (i) cross-instance (train-test share the same actions),
(ii) cross-action (actions in test are not in train), and (iii) cross-dataset generalization. We show
that the best frontier MLLMs are around the halfway mark compared to a human baseline. While
supervised fine-tuning open MLLMs fills this gap on the cross-instance split, it fails to generalize to
unseen actions or a new dataset pointing to memorization rather than true grasp of motion.

To build a human-like, generalizable model for JKP perception, we take inspiration from neurology
research on how human vision achieves this. [Saygin et al.| (2004) showed that the human motor
system (which is responsible for controlling one’s own movement) gets activated while perceiving
JKP. This suggests that observers may recognize an action, in part, by internally simulating how they
would perform it. Inspired by this, we propose an analysis-by-synthesis approach. We fine-tune a
video generation model to map a JKP stimulus to the RGB space (Imagination) and then employ
a (frozen) MLLM to classify the action (Recognition). We call this approach as Recognition by
Imagination (RBI). Specifically, we fine-tune LTX-2 19B on ~14K JKP-RGB pairs from NTU-60.
Once trained, we can attach any downstream MLLM for action inference. RBI with standard open
MLLMs beats SFT across all splits demonstrating remarkable generalization. In fact, RBI with
InternVL3-8B even matches the human baseline. We also conduct qualitative evaluation showing
RBI’s generalization to: (i) challenging poses (e.g., sport actions), (ii) number of persons, (iii)
occlusion, (iv) number of keypoints, (v) camera depth.

Along with strong generalization, we also discover some interesting emergent abilities of the video
generation model fine-tuned on JKP stimuli. (i) The model works off-the-shelf even on stimuli
slightly or considerably different from JKP, e.g., using keypoints + joints, or body outlines, or sil-
houettes, etc. This hints to JKP being a robust, minimal representation capturing the gist of mo-
tion. With this ability, we show applications to co-speech gesture generation without any additional
training. (ii) The same model also works on Dynamic Vision Sensor (DVS) videos recorded on
event-based cameras. This opens up privacy-preserving action recognition without the need for spe-
cialized architectures for DVS videos — instead one can use standard vision models on synthetic
videos generated by RBI. (iii) Finally, RBI also shows surprising generalization to other challenging
temporal stimuli, e.g., shape motion captcha examples from SpookyBench (Upadhyay et al.,|2026),
or the Hidden Bird illusion (Regan, |1986; |Bachl 2006).

2 DATASET: JOHANSSONBENCH

In this Section, we introduce our benchmark based on Johansson’s biological motion perception
(Johansson, [1973). We refer to this stimuli as Johansson’s Keypoints (JKP) videos for short. First,
we describe the construction of JKP stimuli from RGB videos. Then, we describe the datasets used
to create the JohanssonBench benchmark.

Constructing JKP stimuli. To replicate the setup of Johansson! (1973), we use 2D pose detectors
to construct the JKP stimuli. For a given RGB video, we first use DWPose (Yang et al.| [2023)) to
extract pose per frame. We render the pose sequence but remove the stick-figure lines connecting
joints, finger/face keypoints and re-color all remaining keypoints white on a black background. As
shown in Fig.[I] this yields video stimuli that resemble the ones inJohansson| (1973). For consistent
evaluation across datasets, we preprocess the raw videos as follows: (i) we use a person detector and
compute a maximal spatial crop such that the person occupies > 60% of each frame, (ii) we resize
the shorter side to 480 px and pad the other to 832 px. More details are in Appendix Section[A.T]

Formulating the benchmark. In line with the original Johansson’s experiments, we need datasets
consisting of simple human actions (e.g., walking, throwing, etc.) with no confounding complexities
(e.g., camera motion, background noise). Using this criteria, we find two datasets suitable for this
task: NTU (Shahroudy et all [2016) and UTD-MHAD (Chen et al., 2015). Videos from these
datasets will be used in two ways: (i) as raw videos to establish upper bound performance for
MLLMs trained on web videos, (ii) to construct JKP videos using the procedure described above.
We construct the following splits based on these datasets.
¢ NTU Cross-Instance (NTU-CI): The NTU-60 (Shahroudy et al., [2016) dataset was originally
proposed for 3D human action recognition. It consists of 60 actions involving one or two actors
in a lab setting. Since the camera is static and the actions are well-defined, this serves as an
appropriate base dataset to study Johansson’s experiments. We manually pick a subset of C=21
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(a) NTU-CI (b) NTU-CA
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Figure 1: Constructing Johansson’s keypoint videos. We use DWPose to extract keypoints from
RGB videos and construct corresponding videos that resemble Johansson’s experiments on humans
in 1973. Here, we show an example video from each of the three evaluation datasets.

actions that (i) have clearly perceptible motion (e.g., we do not pick “sniff/smell” or “typing
on a keyboard” as it is too subtle), (ii) human-centric and not object-biased (e.g., we do not
pick “tear paper”, as it is ambiguous without the paper). As for the evaluation set, we randomly
sample N.=25 examples for each class ¢, amounting to a total of V=525 videos. In this cross-
instance split, we use the same set of actions in the train-test sets while following the original
data split across videos. The train set has a total of Ny,i,=14, 063 videos.

¢ NTU Cross-Action (NTU-CA): In order to test generalization to novel actions, we further split
the action classes in NTU-CI such that Ci,;,=11 and Cie;=10. Thus, the test set consists of
Niest=250 videos and the train set consists of N, =7, 344 videos with no overlap in the actions.

e UTD: is used as an unseen, hard test set. It consists of Cies, = 27 single-person actions performed
by 8 actors amounting to a total of Ny=861 videos. It is substantially more challenging than
NTU because it has temporally sensitive action pairs such as “right hand draw circle (clockwise)”
vs. “right hand draw circle (counter clockwise)”.

The full list of actions in each of the datasets is provided in Appendix Section[A.3] Some basic
statistics for each of the three datasets are provided in Table ]

Table 1: Basic data statistics of the three evaluation splits used in JohanssonBench. NTU-CI and
NTU-CA denote the NTU cross-instance and cross-action splits, respectively; UTD denotes the
cross-dataset UTD split. Durations are computed from the RGB benchmark videos.

Dataset split Train videos Test videos Classes Avg.Dur.(s) FPS Resolution
NTU-CI (ntu525) 14,063 525 21 2.39 30 480 x 832
NTU-CA (ntu250) 7,344 250 10 2.45 30 480 x 832
UTD (utd) - 861 27 3.31 15 480 x 832

3 RECOGNITION BY IMAGINATION

To build a truly robust computational model capable of perceiving Johansson’s stimuli, we revisit
how human vision solves this task. The predominant psychology research has modeled biological
motion perception as a feedforward, discriminative process, e.g., through specialized visual mech-
anisms matching point-light kinematics against learned templates/features to directly classify the
action (Johansson, [1973} |Giese & Poggiol 2003 |Lange & Lappe, 2006). Perhaps, this would be
analogous to directly fine-tuning models that take in a JKP video and output a class label (e.g.,
MLLMs). As we shall show, this leads to memorization rather than generalization unlike human
vision which generalizes remarkably well.

A second line of evidence shows that the observer’s motor system (premotor, primary motor, and
parietal cortex that plan and control one’s own body movements) gets activated while perceiving JKP
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videos (Saygin et al.| 2004} [Sayginl 2007 |Calvo-Merino et al., |2005). This suggests that observers
may recognize an action in part by internally simulating how they would perform it, rather than by
classifying the visual input directly. Our approach takes inspiration from this view: analysis-by-
synthesis is the computational analogue of such simulation.

Specifically, instead of fine-tuning the MLLM, we propose to train a video-to-video generative
model to learn the mapping from sparse JKP inputs to the physical RGB instantiation of the ac-
tion. The premise of this approach is that if indeed there is signal in sparse Johansson keypoints, a
strong generative model should be able to pick it up. Once the RGB video is generated, we can use
any downstream frozen model (e.g., MLLMs) to recognize the action.

Architecture. Given a pre-trained video generation model G, our goal is to transform it into a
video-to-video model G fine-tuned on generating RGB video from a JKP video. We instantiate
RBI with G4 as LTX-2 (19B) (HaCohen et al [2026), a text to video+audio generation model as
our base model. LTX-2 broadly consists of three components: (i) modality-specific causal VAEs
to compress inputs into latents, (ii) a text embedding pipeline based on Gemma3-12B followed
by modality-specific connectors, and (iii) a dual-stream DiT that processes audio and video latents
in parallel with separate text-to-modality cross attention followed by a shared audio-visual cross
attention. We modify the architecture for LoORA fine-tuning for video-to-video generation task. We
remove the audio pipeline, retain the text-to-video conditioning as is, and use a generic text prompt
for the entire dataset (see Appendix Section [B). For video conditioning (i.e., to ingest the input JKP
video), we use LoRA in-context conditioning (Huang et al.l 2024). Concretely, we project the JKP
video to the same causal VAE’s latent space and sequence-concatenate the JKP latents with those of
the noised latents for the ground truth RGB video. We insert LoRA adapters in each of the attention
projection and FFN layers in DiT. This amounts to a total of 327M trainable parameters.

Training and inference. We fine-tune LTX-2 separately on the train set of each of the two splits:
NTU-CI for cross-instance generalization and NTU-CA for cross-action generalization. For infer-
ence on unseen data (e.g., UTD), we use the model trained on NTU-CI. We LoRA fine-tune the base
model (1tx-2-19b-dev) to generate RGB video conditioned on a JKP video. Note that we do not
use any additional image conditioning for appearance information. We need inference to be fast
since our task needs generating thousands of videos. Thus, for faster inference, we use the 8-step
distilled model (1tx-2-19b-distilled) and attach the trained LoRA weights to it. We empiri-
cally confirm that the video quality is preserved even when using the distilled model during inference
(see Table[§). For JohanssonBench, we keep the same constant text prompt from training.

Action recognition. Given the generated video, one can employ any downstream recognition model
D, (e.g., MLLM) to infer the action. D, is ideally a video-text model so that we can test generaliza-
tion to novel actions. Note that the same trained generative model G can be attached to any discrim-
inative MLLM Dy;: their combination yields the complete RBI model Fy— 4 4} = Dy (G (Xixp))-
Note RBI is an unsupervised approach, as in, it is label-free with respect to categorical action classes.

4 EXPERIMENTAL RESULTS

Notation. Let Xggg € X = RTXHXWXC" e an RGB video and Xjkp € & be the corresponding
JKP video. T is the number of frames, H, W is height, width and C; (= 3) is the channel dimension.
Xrop fed directly to an MLLM, D (Xgrgg) : X — C, serves as an “oracle” for our imagination-
based model, Fy(Xjkp) = Dy (G (Xikp)). In supervised fine-tuning, Dy(.) is fine-tuned on Xjxp.

Brief overview of experiments. In Section we evaluate zero-shot open-weight and closed
MLLMs on JohanssonBench on the NTU-CI split. The best MLLM (GPT 5.6 Sol; 43.4%) is
just over half of the human baseline (81%). In Section[#.2] we also compare supervised fine-tuned
(SFT) baselines with our generative (RBI) approach. While SFT performs strongly on the cross-
instance split, it struggles on novel actions and the unseen dataset. In contrast, RBI beats SFT on
all three datasets with remarkable generalizability. Not only that, RBI also generalizes with stimuli
beyond JKP: be it segmentation masks, joints or silhouette contours as shown in the next Section.
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4.1 ZERO-SHOT BASELINES

We conduct a thorough zero-shot evaluation with several open and closed models. For this experi-
ment, we only evaluate on the NTU-CI test set consisting of N=>525 samples.

Human baseline. As sanity check, we also conduct a systematic survey on Amazon Mechanical
Turk (AMT) to get a human baseline on this evaluation set. Since this is a fundamental vision task,
we recruit ordinary people with no prior expertise/knowledge of Johansson’s experiments. Each
sample includes the JKP video along with a simple instruction prompt to choose one of C'=21
action choices. Each sample is annotated by k=3 annotators. In total, our survey included K=39
annotators with each labeling ~ 40 examples on average. We found the Fleiss’s kappa to be k = 0.6
(moderate-to-substantial). We use a majority-vote to obtain the prediction for each sample. This
results in baseline performance of 81%.

Evaluation setting for MLLMs. Given a JKP video, we construct a prompt for zero-shot action
classification. We state all the action classes as options for the MLLM to select and force it to
output the exact action class name to avoid bias to alphabetic/roman numeric options (Yang et al.,
2025). We also randomize the option order to avoid order bias common in LLMs (Pezeshkpour
& Hruschkal [2024). We automatically parse the output and check for correctness programatically.
Later, we conduct ablations on these choices. In Appendix Section [C.I} we also include results
for few-shot recognition. In general, they do not perform much better than zero-shot baselines.
Unless specified otherwise, we sample F'=16 uniformly from the video. For models that need to
take in videos based on FPS (e.g., Gemini), we use Fps =4 which is about 12-20 frames based on
typical video lengths. To obtain the prediction, we use standard greedy decoding for closed-set
MCQ with a short generation budget (max tokens 64 since action names are fairly short) following
standard practice (Zhang et al.,|2024a)). Answer options are shuffled per sample with a fixed seed for
reproducibility. We use the ms-swift (Zhao et al.l 2024)) codebase for evaluation (and training).

Models. We pick a host of open and closed MLLMs and evaluate it on our benchmark. Among
open-weight models, we evaluate representatives from the following families: Qwen (2-VL, 2.5-VL,
3-VL, 3.5) (Bai et al., 2025), InternVL (3, 3.5) (Wang et al.| [2025), Gemma 4 (Team et al., |2026)),
Molmo 2 (Clark et al.| [2026)), Video LLaMA 3 (Zhang et al.| [2025), etc. We evaluate the closed
models through their respective API: OpenAl (GPT 5, GPT 5.5, GPT 5.6), Google (Gemini 2.5, 3.0,
3.1, 3.5) and Anthropic (Claude Sonnet 4/5 and Opus 5). While the frontier continues to expand, we
believe this set of models is representative of the frontier at the time of writing.

Results at a glance. The key highlight results are shown in Fig. [2| Chance is at 4.8% while the
human baseline is at 81%. We show only the best open and closed models. The key takeaways
are: (i) the best performing models (GPT 5.6 Sol, Gemini 3.1 Pro, Opus 5) are just around the
halfway mark compared to humans, (ii) the best open model (InternVL3-VL 8B) is significantly
behind almost all the closed models and enormously behind the frontier closed models on this task.
Complete results are provided in Appendix Section[C.1]

*Fleiss’s kappa is a statistical measure for assessing the reliability of agreement between a fixed number of
raters when assigning categorical ratings to a number of items.
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4.2  GENERATIVE (RBI) vS. DISCRIMINATIVE (SFT) APPROACHES

Given the relatively poor performance with zero-shot MLLMs, we next try supervised fine-tuning
(SFT) baselines with four open models: Qwen3VL-8B, Qwen3.5 9B, InternVL3 8B, InternVL-3.5
8B. We attach LoRA adapters to the linear layers in each Transformer block while keeping the
vision encoder frozen. We fine-tune with standard language modeling loss with the action class
as the ground truth sequence. We use the same splits as were used to train RBI. We compare the
performance of discriminative (MLLMs — SFT) vs. generative (RBI — MLLM) on all three splits
in Table[2] On the cross-instance split, SFT is almost as strong as RBI: RBI beats SFT by a small
margin of +1.8 points (averaged across models). But on cross-action and cross-dataset splits, RBI
significantly outshines SFT by +33.2 and +11.0 points respectively. This firmly establishes the
superior generalizability of generative approach and hints at memorization in discriminative SFT.

Table 2: We evaluate various MLLMs (in 8-9B parameter range) for action classification.
RGB (zero-shot) denotes the upper bound evaluated for action classification on RGB videos. The
columns under JKP are evaluated on Johansson’s keypoint videos. We include a zero-shot baseline.

SFT denotes supervised fine-tuning on JKP. RBI denotes our approach (Recognition by Imagi-
nation). On the simpler split (a) (same actions across train and test), SFT matches RBI, but on the
more challenging splits, RBI generalizes substantially better than SFT.

Split — (a) Cross-instance (b) Cross-action (¢) Cross-dataset
NTU: N=525, C=21 NTU: N=250, C=10 UTD: N=861, C=27
Input modality RGB JKP RGB JKP RGB JKP
Protocol VA ZS SFT RBI ZS ZS SFT RBI | ZS ZS SFT RBI
Chance 4.8 - - - 10.0 - - - 3.7 - - -
Qwen3VL-8B-Inst. 76.6 162 61.3 67.8 820 272 420 752 256 3.1 80 242
Qwen3.5-9B 81.0 145 709 71.8 852 212 592 80.0 434 41 154 324
InternVL3.5-8B 844 122 771 76.6  90.1 208 448 80.8 29.0 23 148 209
InternVL3-8B 920 74 804 804 960 10.8 444 872 289 26 170 218
Average 835 126 724 742 883 200 476 80.8 31.7 3.0 138 24.8

(b) Camera depth
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Figure 3: Qualitative results with RBI generation. In each case the input is a JKP video, and the
output is a RGB video. We show RBI’s successful generalization to (a) multiple persons in a new
scenario (e.g., University campus), (b) varying camera depth/ num. kps., (¢, d) hard poses like Yoga
asana and Cricket Batting.

Qualitative generalization. We also run several in-the-wild samples to qualitatively stress-test
RBI (Fig.[3). It successfully generalizes to a multi-person JKP video even though it was fine-tuned
on < 2 persons, i.e., RBI leads to recognize each JKP group of points as a complete human and
effectively composes information. We also test on challenging poses such as a Yoga asana or a
Cricket shot and find very compelling results as shown in the Supplementary video. In Appendix
Section[D] we also test its robustness to occlusion, n.o. keypoints and even to animal motion.



Under review as a conference paper at ICLR 2027

5 GENERALIZATION TO FORM-FROM-MOTION STIMULI

We discover several interesting and somewhat surprising avenues where RBI generalizes. RBI works
off-the-shelf with stimuli that differ slightly from JKP, e.g., keypoints + joints, body outlines, sil-
houettes, etc., beyond the JKP. It also generates plausible videos for inputs drastically different than
JKP, e.g., event-camera videos (Dong et al.| [2023) or motion captcha (Upadhyay et al.l [2026). In
a sense, this hints to JKP being a robust, minimal gist of motion, which when trained on, helps
generation models generalize.

5.1 IMPACT OF PROGRESSIVE VISUAL ABSTRACTION

We want to study the impact of gradually decreasing contextual information from the video, or, in
other terms, increasing the visual abstraction from RGB down to JKP videos. For this, we pick
a subset of the NTU-CI evaluation set with n.=5 samples per action totaling n=105 videos. We
use SAM2 to obtain the intermediate segmentation masks and body outlines. As shown in Fig. [
for both open/closed models, as we peel away appearance information, the performance drops quite
significantly. While human vision even on JKP achieves remarkable results, this ability does not
emerge in MLLMs trained on millions of videos. In contrast, RBI, trained only on JKP samples,
maintains a consistently strong performance. In the Appendix Section we also analyze the
temporal sensitivity of original RGB vs. RBI generated videos. We show that JKP perception is not
solved simply by mapping the keypoints to a form (such as a person) in a single frame.

Figure 4: Varying in-
put stimuli. As shown
on the x-axis, we gradu-
e ally vary the input stim-
50 T—w  _ —" . uli to RBI (& other
models) at test time
even though RBI is only
trained on JKP videos.
On standard MLLMs,

100 Action recognition under progressive visual abstraction
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Accuracy (%)
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Qwen3.5-9B GPT-5.6 Terra Chance we Strip off appearance

20 InternVL3-8B Gemini 3.5 Flash v Human : :
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5.2 PRIVACY-PRESERVING VIOLENCE RECOGNITION

Dynamic Vision Sensors (DVS) cameras are often used to detect violent incidents while preserving
privacy. We discover that RBI, without any additional training, generates plausible RGB videos
even from DVS videos instead of the JKP videos it is trained on. This opens up the possibility of
privacy-preserving violence detection on RBI-generated videos with existing standard vision mod-
els. This also sidesteps the need to design specialized architectures for sparse DVS inputs. An
example generation is shown in Fig. [5] (top-left). As a concrete proof-of-concept, we evaluate this
idea on Bullying-10K (Dong et al., 2023): a dataset with 10 action classes with Ny, = 8,000
and Ny = 2,000. Since video generation is expensive, we subsample 20% of the training data
and generate the corresponding synthetic videos. Likewise, we generate the corresponding synthetic
test set with RBI. Since the generated videos are plausible, standard video embedding models may
be used with light-weight linear probes for action recognition. We use frozen embeddings from
TARA (Bagad & Zisserman), [2026) and InternVideo-2 (Wang et al., 2024) and train a linear classi-
fier on the subsampled synthetic train set and evaluate it on the synthetic test set. Results are shown
in Table |3} Our simple baseline trained only on 20% of the data outperforms specialized models.

5.3 CO-SPEECH GESTURE GENERATION

Are Johansson’s keypoints also sufficient to encode human co-speech gestures? We test this on the
Gesture Recognition in the Wild (GRW) benchmark (Hegde et al., [2025; 2026). Again, we use
RBI off-the-shelf to generate a synthetic video of a gesturing person given the JKP inputs. We
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Video model Accuracy Method Recognize Localize
DVS; Full ft. w/ 100% data A@1 A@5 A@10 mIoU
SlowFast 74.0

X3D 76.9 Random 1.00 5.00 10.00 0.20
STAFM-SlowFast 772 Fine-tuned

SNN-Chaos 2 80.8 GestSync 9.12 2037 30.18 0.52
EWR-ResNet18 86.5 JEGAL 10.43 2271 31.88 0.54
DSC-SNN 87.4 MLLMs

Synthetic (Ours); Linear w/ 20% data Intern-VL 435 12,50 1571 0.39
VJEPA 2.1 (avgpool) 67.5 Qwen3-VL 592 13.19 19.27 0.21
VJEPA 2 (avgpool) 78.3 Gemini-3.5 13.9§ 30.15 41.10 0.47
InternVideo 2 81.9 GestureNet (Hegde et al.|(2026))

TARA 88.2 RBI (KPs+Joints) 15.17 33.88 47.55 0.64
TARA @ InternVideo 2 89.5 Original (RGB) 18.35 37.30 51.70 0.67

Table 3: Event-camera inputs. RBI can Table 4: Gesture generation. RBI can also be used for gener-
be used off-the-shelf to generate realistic —ating co-speech gestures conditioned on keypoints+joints. Syn-
videos from event-camera signals enabling thetic gestures recover 90+% of performance of GestureNet
privacy-preserving action recognition. compared to that with original videos.

find that it is beneficial to include the lines connecting keypoints and the finger keypoints instead
of the raw JKP inputs since the gestures also involve hand shapes. An example generated gesture
sequence is shown in Fig.[5] We evaluate the quality of generated gestures on (i) recognition, and (ii)
localization in [Hegde et al.| (2026). We generate samples for the entire test set of 2000 videos and
use the model from |Hegde et al.|(2026). Results are shown in Table 4] On average, using synthetic
videos generated by RBI is able to recover over 90% of the performance compared to using original
RGB videos. Note that our model was not explicitly trained on gestures.

Event-based camera inputs (“kicking”) Co-speech gesture generation (“wide”)

> gk @
= R %‘2\

Made up of bird strokes. Prompt: “Generate r/u bird flying through forest.”

Figure 5: Applications. RBI works off-the-shelf on event-based camera inputs, or with complete
pose map (for gesture generation). It also works on other psychophysical tests like the hidden bird
illusion: it generates the bird inferring its location solely from its motion. More results in Appendix.

5.4 NOVEL FORM-FROM-MOTION STIMULI

We also qualitatively test on two new, challenging psychophysics stimuli: (i) we consider examples
in SpookyBench (Upadhyay et al.,|2026) where an object/shape/text is hidden in dynamic noise and
becomes perceptible only through the motion of the noise. RBI is able to pick out the shape/object
in several cases but cannot pick out the text letters from the noise. See Appendix Section [D| for
more qualitative results. (ii) We test on the hidden bird illusion (Bachl [2006}; Regan, |1986) which
shows a flying bird made up of 21 penstrokes camouflaged against a background of the same strokes
scrambled at random, so it is invisible when static but pops out instantly as it moves. With an
appropriate prompt, RBI can locate the flying bird in the background noise (see Fig. [5] (bottom)).

6 RELATED WORK

Human (biological) motion perception. Johansson|(1973)’s seminal paper showed that human vi-
sion is capable of recognizing biological motion patterns represented merely by a few bright spots
on the main joints against a black background. This work was followed by a rich line of work
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showing various interesting and somewhat surprising capabilities of human vision of JKP stimuli:
recognizing gender (Kozlowski & Cutting, (1977), identity (Cutting & Kozlowski, [1977), emotion
(Clarke et al., 2005)), physical properties (Runeson & Frykholm, [1981}; |1983), etc. Developmental
psychologists have also found the core motion perception ability in newborn infants suggesting the
presence of an inherent “life-detector” in human vision that perceives JKP moving dots as human or
animal actions (Fox & McDaniel, 1982} |Simion et al., 2008]). Related psycho-physical phenomena
similarly show that visual structure can emerge only through integration across views or time, as
in random-dot stereograms, where depth-defined shapes become visible through binocular fusion
(Julesz,1960), and random-dot kinematograms, where coherent motion reveals structure across oth-
erwise unstructured successive frames (Braddickl] [1974). We include a more detailed discussion on
why and how human vision achieves such motion perception in Appendix Section

Action recognition and video datasets. Early computer vision research had a prominent focus on
human actions (Yamato et al., 1992 [Yacoob & Black, 1999). Between 2000-2010, action recog-
nition research focused on design of hand-crafted spatiotemporal features (Laptev, 2005) and stan-
dardized datasets (Schuldt et al.,|2004; Soomro et al.l 2012} [Kuehne et al.,[2011). As deep learning
took off, action recognition became much easier thanks to massive datasets (Carreira & Zisserman,
2017) and very high-capacity models (He et al., 2016} Vaswani et al., [2017). As MLLMs started
to dominate the video understanding discourse, benchmarks largely focus on QA or captioning.
However, the community has repeatedly discovered that most of these datasets suffer from an ap-
pearance bias (Lei et al.,[2023; |Huang et al., 2018} |Sevilla-Lara et al., [2021} |Xue et al.| [2026)), i.e.,
the tasks can be solved by a single frame or an unordered set of frames without the need for genuine
temporal/motion perception. There have been some notable examples of benchmarks to probe true
temporal understanding (L1 et al., 2026; Upadhyay et al., 2026; [Cores et al., [2024). However, it is
still difficult to completely disentangle appearance and motion without leaving artifacts (Choi et al.,
2019; Fukuzawa et al., [2025} L1 et al.| [2023)). Johansson’s experiments present a unique opportunity
to strip off all appearance cues and focus on minimalist human motion representation.

Johansson’s experiments in computer vision. There have been two prior efforts that have explored
this direction of Johansson’s biological motion perception for vision models. [Han et al.| (2024)) first
proposed to use Johansson’s keypoints to probe specialized vision backbones (e.g., ResNet, MViT)
in a supervised manner. More recently, [Kadambi et al.| (2025) proposed a similar evaluation for
MLLMs. While this work also hinges on the core Johansson’s experiments, we distinguish this
work in the following ways: (i) systematic evaluation of generalization (e.g., cross-action and cross-
dataset) while fine-tuning MLLMs, (ii) a novel computational approach, Recognition by Imagina-
tion, (iii) discovery of fascinating emergent properties of a model trained on Johansson’s keypoints.

7 CONCLUSION AND DISCUSSION

In this paper, we studied form-from-motion based on Johansson’s experiments: can semantic actions
be recovered solely from the motion of a handful of keypoints? If so, the objective was to build
a generalizable computation model to solve this task. In pursuit of these research questions, we
developed a quantitative benchmark, JohanssonBench, and proposed a novel generative approach
to this task. In the process, we made the following notable observations:

* Frontier MLLMs are around the halfway mark compared to human baseline. While SFT bridges
this gap when train-test actions are same, it struggles to generalize to novel actions/datasets.

* We propose Recongition by Imagination (RBI) to first imagine the RGB video from the JKP input
and then recognize the action. RBI beats SFT in all settings; generalizes remarkably well.

» RBI also works off-the-shelf with other stimuli such as event-based camera inputs, or other psy-
chophysical tests like examples from SpookyBench or the Hidden Bird illusion.

Human perception of JKP stimulus indicates it is a minimal, compact representation of motion, i.e.,
a gist of motion. The robust generalization of this generative approach indicates that: (i) JKP is
indeed the representational gist of motion, and (ii) RBI is able to meaningfully extract it. However,
some broader questions still remain. Humans do this task seemingly without any training — so this
ability perhaps emerged through evolution (Simion et al., 2008). In contrast, we explicitly train a
model to map JKP to RGB. It is an open question on whether / how can we adapt these models with
little-to-no training (e.g., by test-time training?). Moreover, while this ability emerges naturally
in humans, as we show, that is not the case in MLLMs trained on web-scale data. RBI suggests
that, perhaps, future MLLMs could benefit from an internal imagination mechanism that helps them
simulate videos either explicitly or in the latent state before making a decision.
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STATEMENTS

Al USE STATEMENT

In this work, we used generative Al tools to (i) clean and preprocess dataset, (ii) implement methods
(e.g., fine-tuning LTX-2 for video-to-video generation, or pose detection inference), (iii) provide
feedback on research methodology (e.g., in refining the broad idea and approach). Additionally,
we used generative Al tools to (i) create or modify scientific figures or images, (ii) summarize or
analyze existing literature, (iii) brainstorming. We have reviewed all Al-assisted work. For example,
we manually verified each stage of the data processing pipeline through visual and quantitative sanity
checks. Since the fine-tuning code for LTX-2 is publicly available, the Al tools only re-organized the
code and wrote meta-scripts to run fine-tuning. We verified the pipeline visually through generated
samples as well as by overfitting on a small subset of the dataset. We take responsibility for the final
content of this work, including text, claims or artifacts produced with the aid of generative Al

ETHICS STATEMENT

Our approach is based on fine-tuning an open-source video generation model for a video-to-video
task. Since the base model is pre-trained on massive amounts of video data, it inherits the biases of
the dataset it was trained on and can be potentially misused. Furthermore, since it is fine-tuned on
human action data, it also biased towards generating one or multiple humans in an indoor lab setting
making the model narrower in its scope. We have verified that our fine-tuning data does not include
any NSFW examples. In summary, our fine-tuning recipe does not exacerbate the risks associated
with the publicly available base open model.

REPRODUCIBILITY STATEMENT

In terms of data, NTU-60 (Shahroudy et al.l | 2016)) dataset is publicly available. In terms of model,
our approach is based on fine-tuning an open-source video model, LTX-2 (HaCohen et al., [2026),
which has open-sourced the code for fine-tuning for a video-to-video task. Thus, it should be feasible
to directly use their code for our task. Our preprocessing steps are clearly described in Section [A.T]
and should be easy to implement. Once preprocessed, the LTX-2 codebase also has code to compute
the latents.
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A DATA

In this Section, we first describe how we construct JKP stimuli from raw RGB videos in NTU-60.
Then, we compare various pose detection methods in this construction. Then, we describe details
of the three splits. Finally, we conduct temporal sensitivity analysis of the dataset to measure how
much of it can be solved by a single frame or shuffled frames.

A.1 CONSTRUCTION AND PRE-PROCESSING

From RGB video to Johansson keypoint video. Figure |1] illustrates the result of constructing
a Johansson-like stimuli from RGB video: each frame of the video is reduced to a sparse set of
keypoints on a black background. The process follows these steps.

1. Person-detector guided spacetime crop. Each clip is cropped tightly around the actor using a
fixed bounding box that is held constant across the entire clip (a spacetime crop). The procedure
is:

(a) Per-frame box. We use standard YOLO person detector to get a bounding box in each
frame. Joint locations are read from the accompanying skeleton

(b) Temporal union. The per-frame boxes are merged across all frames so that the actor never
exits the crop at any point in the clip.

(c) Margin expansion. The union box is expanded so that the actor occupies approximately
at least 60% of the crop area (the target occupancy), leaving a small margin around the
extremities. The final maximal box is then used to crop the video.
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2. Letterbox to 832 x 480 portrait. Before keypoint extraction, all cropped clips are padded to
480 px x 832 px (width x height) portrait orientation adding black bars to fill the fixed canvas.
This normalizes the spatial resolution seen by the pose estimator.

3. Pose extraction and point-light rendering (DWPose). Johansson keypoint videos are produced
by DWPose, a two-stage skeleton estimator.

(a) A YOLOX-L person detector (yolox_1.onnx) localizes the actor in each frame.

(b) A DW-LL whole-body pose estimator (dw—11_ucoco_384.onnx) predicts OpenPose-
style body keypoints from the detected bounding box.

Keypoints are then rendered using the Johansson preset:face keypoints and hand keypoints are sup-
pressed entirely. The keypoints are drawn as white filled circles (radius 8 px). Limb connections
are removed. The result is a appearance-free point-light video in the spirit of the original Johansson
displays [1973), containing only the structural and kinematic information of the moving
body.

A.2 QUALITY OF POSES FROM DWPOSE

To get a sense of how robust the JKP videos are, we compare four different 2D pose extractors:
DWPose [2023), RTMPose-L, RTMPose-X 2023), and RTMO-L
[2024) on the a subset of NTU-CI consisting of N=105 videos (N.=5 per class). Each method
produced an OpenPose- 18 keypoint sequence per video. Since no 2D pose ground truth is available,
we measured pairwise agreement bidirectionally: treat method A as pseudo-ground truth for method
B, repeat with B as pseudo-ground truth, then average both scores. We report torso-normalized
AUC-PCK and mean OKS (higher is better), plus normalized MPJPE (lower is better). The methods
show strong overall agreement as shown in Fig. [f] DWPose and RTMO-L agree most strongly:
AUC-PCK 0.885, mean OKS 0.899, and normalized MPJPE 0.167. This indicates that the existing
DWPose JKP controls are consistent with an independently designed, bottom-up 2D pose estimator.
Thus, using DWPose is a reasonable choice as also verified by manual review.

AUC-PCK 1 - avg. 0.841 Mean OKS T - avg. 0.841 N-MPJPE | - avg. 0.234

DWPose —_ 0.846 0.798 0.899 0.848 DWPose _ 0.226 0.293 0.167 0.201

RTMPose-L| 0.846 = 0.845 0.845 0.830 | RTMPose-L —_ 0.234 0.244 0.227

RTMPose-X| 0.801 0.793 0.815 | RTMPose-X| 0.798 0.845 = 0.803 0.798 | RTMPose-X

RTMO-L U1 0.835 0.793 RTMO-L SRR 0.845 0.803 = 0.899 RTMO-L

sapiens2| 0.848  0.830 0.798 MOKLL) — Sapiens2

0.234 - 0.320 0.292

0.244 0.320 — 0.140

0.227 0.292 0.140 —

DWPose  RTMPose-L RTMPoseX RTMO-L  Sapiens2 DWPose RTMPose. RTMPoseX RIMO-L  Sapiens2 DWPose RTMPose-L RTMPoseX RTMO-L  Sapiens2

Figure 6: Comparing pose extraction methods. Pairwise agreement of 2D pose extractors on
105 NTU videos. Each score averages both pseudo-ground-truth directions; DWPose and RTMO-L
show the strongest agreement.

A.3 SPLIT DETAILS

The detailed list of actions in each of the three evaluation splits is provided in Table 5} NTU-CI
is a cross-identity split of NTU RGB+D (525 videos, 21 classes). NTU-CA is the held-out cross-
action subset (250 videos, 10 classes). UTD is a cross-dataset split of UTD-MHAD (861 videos, 27
classes).

A.4 TEMPORAL SENSITIVITY ANALYSIS

Quantifying static bias in NTU-60. While NTU-60 (Shahroudy et al.l [2016) is collected in a
lab setting with fixed camera (similar backgrounds), it is still worth investigating how temporally
sensitive the actions are. We experiment with k£ € {1,2,4,8,16} (number of frames uniformly
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Table 5: Full list of action classes in each evaluation split. NTU-CI is a cross-identity split of NTU
RGB+D (525 videos, 21 classes). NTU-CA is the held-out cross-action subset (250 videos, 10
classes). UTD is a cross-dataset split of UTD-MHAD (861 videos, 27 classes).

Split Videos Classes Actions

NTU-CI 525 21  Pickup; throw; sitting down; standing up (from sitting position); clapping;
hand waving; kicking something; hopping (one foot jumping); jump up;
pointing to something with finger; cross hands in front (say stop); falling;
punching/slapping other person; kicking other person; pushing other person;
point finger at the other person; hugging other person; giving something to
other person; handshaking; walking towards each other; walking apart from
each other.

NTU-CA 250 10  Sitting down; standing up (from sitting position); clapping; kicking some-
thing; hopping (one foot jumping); jump up; falling; punching/slapping other
person; kicking other person; walking towards each other.

UTD 861 27  Right arm swipe to the left; right arm swipe to the right; right hand wave;
two hand front clap; right arm throw; cross arms in the chest; basketball
shooting; draw x; draw circle (clockwise); draw circle (counter clockwise);
draw triangle; bowling (right hand); front boxing; baseball swing from right;
tennis forehand swing; arm curl (two arms); tennis serve; two hand push;
knock on door; hand catch; pick up and throw; jogging; walking; sit to stand;
stand to sit; forward lunge (left foot forward); squat.

sampled) evaluated with two models: Qwen3.5-9B and InternVL3-8B (Shangguan et al|[2025). We
also experiment with and without random shuffling of the frames. Results are in Fig.[/|(a). Single-
frame baseline is very poor indicating that actions need at least > 2 frames. Different actions are
more/less temporally sensitive as shown in Fig.[7(c). clapping / handwaving can be recognized
by a single frame, but something like punch/slapping improves with increased temporal context.

Qwen3.5 9B InternVL3 8B Qwen3.5 9B InternVL3 8B
- o -0-
901 _e— Ordered - Shuffled /°/ —e— RGB  —A— Gen P /‘/ —
80 ) 80 » » 4
g i o - ] / " —
9 / e . __— /
g d _-m o / .
E 60 - - A ) y
<50 s 40
’ A y's
ol . o
0 .\i'/ 2 A74 L /
1 2 4 16 1 4 16 1 4 8 16 1 2 4 16
Number of frames Number of frames Number of frames Number of frames
(a) Static bias in NTU-60 (RGB) (b) Temporal information gain in RBI > raw RGB

Accuracy by frame count Sorted by gain

100

standing up (from sitting) 12
throw 8
pickup 2
walking towards each other 32
kicking something 20 80
punching/slapping other person 20
pushing other person 28
falling 36 =
hugging other person 36 60 &
jump up 32 &
giving something to other person 28 ]
kicking other person 40 =
cross hands (say stop) 10 3
sitting down <
point finger at other person
pointing to something
walking apart from each other 20
clapping
handshaking
hopping (one foot)
hand waving 2 o I
m=1 m=2 m=4 m=8 m=16 0 50 100 150

X . . . . Motion info. gain (%)
(c) Class-wise motion-information gain

Figure 7: Temporal sensitivity analysis. We conduct temporal sensitivity analysis of the dataset to
measure how much of it can be solved by a single frame or shuffled frames. (a) shows the raw RGB
videos evaluated with varying number of frames with/without shuffling with two MLLMs; the task
benefits with increasing temporal context and deteriorates under shuffling. (b) we repeat the same
analyses but for RBI where we subsample fewer frames to be passed to the generation model. (c)
We analyze class-wise performances to highligh classes that can be recognizes by a single frame
(e.g., hand waving) vs. those that improve with increasing temporal context (punching/slapping).
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JKP is not solved simply by mapping the keypoints to a form in a single frame. To show this,
we sample k frames from the input JKP video (say with n) frames and repeat the k frames (in order)
to make a dummy new JKP video with n frames. We pass this as input to the RBI model. Then,
from the generated video, we sample fixed m = 16 frames and pass to the MLLM for recognition.
If RBI was solving the generation task frame-by-frame, we should see high performance even when
k = 1. To quantify this, we define a new metric: motion information gain (MIG).

Let A(k) denote model accuracy when using & uniformly sampled frames, evaluated at k €
{1,2,4,8,16}. For a doubling of the frame count from & to 2k, we define the relative gain as

A(2K) — A(k)
A(k)

We then define the Motion Information Gain (MIG) as the average relative gain across all consecu-
tive doublings k € {1,2,4,8}:

MIG:%ZG(k—mk): >

kek ke {1,2,4,8}

Gk — 2k) = x 100%. (1)

A(2k) — A(k)
A(k)

2

Intuitively, MIG captures how much a model’s accuracy continues to benefit from additional tempo-
ral context (more frames), averaged uniformly across scales. A high MIG indicates that performance
keeps improving with denser sampling (e.g., contact/interaction actions), whereas a low MIG indi-
cates early saturation (e.g., pose-transition actions readable from a single frame). As shown in
Table [6] and Fig. [7[b), RBI shows higher MIG than original RGB videos, i.e., it benefits more from
motion information since it has to generate a complete video.

Table 6: Motion Information Gain (MIG) for RGB vs. RBI input, computed per Eq. (2) over
frame-count doublings m=1—16 (ordered, ground-truth frame order).

Model Input G(1-2) G(2—4) G(4—8) G(8—16) MIG
Qwen3.5-9B  RGB 11.1 126.7 25.0 8.2 428
Qwen3.5-9B  RBI 118.7 37.1 31.3 159 507
InternVL3-88B RGB 714 14.3 42 3.0 217
InternVL3-8B  RBI 88.9 73.5 27.1 133 507

A.5 EVALUATION WITH 3D MOTION CAPTURE DATASETS

We construct Johansson’s point-light stimuli from monocular 2D pose estimation (DWPose). In
some complex actions, this may introduce detector jitter, self-occlusion artifacts, and depth ambigu-
ities that could confound perceptual failures with detector noise. We augment our evaluation with
that on two additional datasets based on 3D motion capture. Since these are directly captured in 3D,
we simply render the keypoints on a 2D plane with an appropriate camera pose. Specifically, we
use (i) a classical Johansson dataset by |[Vanrie & Verfaillie| (2004), (ii) the CMU Motion Capture
database (CMU Graphics Lab, [2003)). Results are shown in Fig.

B MODEL

In this Section, we provide remaining details for the model, training, inference and its hyperparam-
eters. We also provide the text prompt used for the generation model as well as the downstream
MLLM.

B.1 ARCHITECTURE AND TRAINING DETAILS

Following the notation introduced in the main paper, let Xggp € X = RFXH*WxC pe an RGB
video and Xjkp € X be the corresponding JKP video. First, they are both encoded with the Causal
VAE into latents Zrgp jxp € RP*5*P | B is batch size, S = F'xH'xW' sequence length, D =
128. Here,

F' =1+ (F—1)/8,H =H/32,W =W/32.
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CMU-MoCap

Vanrie et al (2004)

Figure 8: Evaluating RBI on 3D motion capture samples. In these examples, the input JKP is
constructed by directly rendering the 3D points onto a 2D image. RBI works reasonably well off-
the-shelf on such samples. On the left we show the input JKP image and on the right is RGB image.
In between, we blend the images to demonstrate if the generated RGB matches the JKP.

For a 512 x 512 resolution video with 121 frames (4s at 30 FPS), we get 16 x 16 x 16 = 4096
video tokens. The latents for the reference video and the target video are concatenated to obtain
a sequence of shape [B, 2S5, D]. The corresponding space-time positions for each of them are ten-
sors of shape [B,3,.5,2] where the first dimension has components for (¢, h,w); each video to-
ken has (s, e¢), (Sh, en), (Sw, €w) Where s denotes the start and e denotes the end, i.e., each token
corresponds to a space-time tube in some sense. The position tensors are also concatenated into
[B, 3,25, 2]. Note that we do not have any image conditioning (e.g., first frame) apart from the JKP
video. Text latents are constructed from all the layers of Gemma3-12B; see [HaCohen et al.| (2026)
for more details on the text processing pipeline.

Training. The model is trained to match the velocity fields of the latents using a standard flow-
matching loss (Lipman et al.,|2022). Reference tokens are kept clean while target tokens are noised.
Likewise, the loss is only applied to the target tokens.

Inference. The distilled 8-step sampler uses the default o schedule from LTX-2. We define the
size of the video to be generated based on the given reference video dimensions. Note that the
distilled LTX-2 model halves the resolution in Stage 1. We can always upscale the reference video
to get upscaled generated video. We do not use Stage 2 (2x spatial upsampler). Our default pipeline
uses the original 832 x 480 resolution for reference videos. Usually, we observe that higher spatial
resolution results in higher quality videos and also yield improved downstream performance.

Hyperparameters. The key LoRA hyperparameters are r = 64, o = 1, and learning rate of 2¢ 4.
We use batch size of 1 (to manage variable number of frames) with gradient accumulation steps 4.
We attach LoRA matrices to all the linear layers (Q, K, V, O projections, and the two FFN layers in
each of the 48 DiT blocks).

B.2 PROMPTS

Text prompt for generative model. We use a constant text prompt during training and inference
(unless otherwise specified). The full prompt is provided below.
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Observe the provided body keypoints and imagine a person(s)
naturally performing the depicted movement. Full body visible,
bright lightning, static camera.

Text prompt for MLLMs. Here, we provide the detailed prompt template used for action recog-
nition with an MLLM. The action choices are filled based on the split used (Table[5). We use the
same template for SFT.

System
You are a helpful and harmless assistant expert in analyzing videos.

User
<video> Watch the video carefully and identify the human action being

performed. Select the single best matching action from the following
{num_choices} choices:

{choices}

Assistant
{action_label}

Video
{video-path}

C QUANTITATIVE EXPERIMENTS

In this Section, we provide additional experimental results and analyses. First, we include the full
results on all three splits. We also compare a different generative model (Wan 2.1) with LTX-
2. Then, we analyze how the best model performs against human baseline through analyzing the
confusion matrices. Then, we provide ablations on various choices in the data pipeline. We then
analyze the scaling properties along both data and model dimensions.

C.1 FULL RESULTS ON JOHANSSONBENCH

Full zero-shot results. We include zero-shot results for all open and closed models evaluated at
the time of writing in Fig. 0] Interestingly, advancing generations of a given model family (e.g.,
Qwen or Gemini) seem to regularly improve performance on the benchmark.

Human Baseline (81%)
T
70 Open Models Closed Models
g0
‘;50 InternVL-
[9) 3.5-8B 43.4
41.7 41.3 .
§40 A3-30B  3VL-SB 37.7 40.8
§ 50) Gemmad  Mimo- 3598 | 35278 31.6 29.9 263
-12B VLB 23.8 22.723.523.6 .
20 15.616.2 o = 2 =
12.2 14.5 14.7 g E = Z a3 % E 143 ';3) @
10 5.5 7-4 8.4 a & @ = e &g & . £ g
. © © 1 @ n A g 1 = g e
0 ) %) %) ] n o~ ) L o ) (2] 0 8'
Other Qwen GPT Gemini Claude

Figure 9: JohanssonBench Results. We evaluate several open/closed models on NTU-CI split of
JohanssonBench. Top frontier models (e.g., GPT 5.6 Sol) significantly outperform open models but
are about halfway mark compared to the human baseline.

SFT vs. RBI. The complete results w.r.t. the Table [2|in the main paper are provided in Table
We include few-shot (kK = 2) baselines along with zero-shot numbers. In this case, we provide
two randomly sampled JKP videos from the train set along with their labels in the prompt. While
2-shot baseline shows a tiny benefit over 0-shot with Qwen3.5-9B/InternVL3-8B , it hurts in case of
Qwen3VL-8B/InternVL3.5-8B.
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We also include evaluation with using a different generative model. We experiment with another
open-source model, Wan 2.1. Since it is not straightforward to do in-context LoRA with this model,
we use first frame conditioning with a random frame from the train set and fine-tune an image-video-
to-video model building on |/ AIGC-Apps|(2026). Across all splits, On average, RBI (LTX-2) clearly
outperforms RBI (Wan 2.1).

(a) Cross-instance (NTU: N=525, C=21)

Input modality RGB Johansson’s keypoints

Protocol Zero-shot = Zero-shot Two-shot SFT RBI (Wan2.1) RBI (LTX2) A
Chance 4.8 - - - - - -
Qwen3VL-8B-Inst. 76.6 16.2 14.1 61.3 64.6 67.8 +6.5
Qwen3.5-9B 81.0 14.5 18.1 70.9 70.1 71.8 +0.9
InternVL3.5-8B 84.4 12.2 7.8 771 73.9 76.6 -0.5
InternVL3-8B 92.0 7.4 8.4 80.4 80.2 80.4 +0.0
Average 83.5 12.6 12.1 72.4 72.2 74.2 +1.8

(b) Cross-action NTU: N=250, C=10)

Input modality RGB Johansson’s keypoints
Protocol Zero-shot | Zero-shot Two-shot SFT RBI (Wan2.1) RBI(LTX2) A
Chance 10.0 - - - - - -
Qwen3VL-8B-Inst. 82.0 27.2 20.0 42.0 70.4 75.2 +33.2
Qwen3.5-9B 85.2 21.2 21.6 59.2 74.0 80.0 +20.8
InternVL3.5-8B 90.1 20.8 21.6 44.8 82.8 80.8 +36.0
InternVL3-8B 96.0 10.8 12.8 44 .4 83.6 87.2 +42.8
Average 88.3 20.0 19.0 47.6 7.7 80.8 +33.2
(¢) Cross-dataset (UTD: N=861, C'=27)
Input modality RGB Johansson’s keypoints
Protocol Zero-shot = Zero-shot Two-shot SFT RBI(Wan2.1) RBI (LTX2) A
Chance 3.7 - - - - - -
Qwen3VL-8B-Inst. 25.6 3.1 5.1 8.0 23.8 24.2 +16.2
InternVL3-8B 28.9 2.6 2.7 17.0 20.9 21.8 +4.8
InternVL3.5-8B 29.0 2.3 2.1 14.8 20.8 20.9 +6.1
Qwen3.5-9B 43.4 4.1 5.8 15.4 29.8 324 +17.0
Average 31.7 3.0 39 13.8 23.8 24.8 +11.0

Table 7: We evaluate various MLLMs (in 8-9B parameter range) for action classification.
RGB (zero-shot) denotes the upper bound evaluated for action classification on RGB videos. The
columns under Johansson’s keypoints are evaluated on JKP videos. We include zero-shot and few-
shot baselines. SFT denotes supervised fine-tuning on JKP videos. RBI (Wan 2.1) and RBI (LTX2)
denote our approach with different Diffusion backbones to first generate a RGB video from a JKP
video; the RGB video is then passed to the MLLM (zero-shot). A is RBI (LTX2) — SFT. On the
simpler cross-instance split (same actions across train and test), RBI outperforms SFT only slightly,

but on the more challenging cross-action and cross-dataset splits, RBI generalizes substantially bet-
ter than SFT.

C.2 COMPARING MODEL PREDICTIONS WITH HUMAN ANNOTATIONS
How much do the predictions from RBI or GPT 5.6 align with human judgement of actions from

JKP stimuli? To answer this, we compare the confusion matrices on predictions with GPT 5.6
Sol and RBI (with Qwen3.5 9B) with that from human annotations. For this, we use the NTU-CI
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split with N=525 videos. Human majority-vote annotations achieve 81.0% accuracy, compared with
43.4% for GPT 5.6 Sol and 71.8% for RBI. RBI also agrees more strongly with human predictions
than GPT (62.7% versus 40.2%), with Cohen’s & increasing from 0.37 to 0.61. Similarly, the cor-
relation between the row-normalized confusion matrices is substantially higher for RBI than GPT
(Pearson r = 0.89 versus » = 0.68).. These results indicate that RBI not only improves classifi-
cation accuracy but also produces a pattern of class confusions that more closely resembles human
judgments.

Human (MTurk majority)
Accuracy: 81.0%

GPT-5.6 Sol (JKP)
Accuracy: 43.4%

RBI (Qwen3.5-9B, generated)
Accuracy: 71.8%
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Predicted action Agree w/ Human: 40.2% (x=0.37) Agree w/ Human: 62.7% (x=0.61)
1: pickup 2: throw 3: sitting down 4: standing up (from sitting position)
5: clapping 6: hand waving 7: kicking something 8: hopping (one foot jumping)
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punching/slapping other person
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kicking other person 15:
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cross hands in front (say stop)
pushing other person
handshaking
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16:
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walking towards each other

21: walking apart from each other

Figure 10: Comparison of model predictions with human judgement. RBI produces more accu-
rate predictions and a confusion pattern more closely aligned with human annotations than GPT 5.6
Sol. Values are row-normalized by ground-truth class.

C.3 DATA EXPERIMENTAL CHOICES

We conduct a variety of ablations on various design choices in JKP evaluation. Given the JKP
stimulus has a bunch of sparse keypoints, it is worth checking how visual patchification in MLLMs
interacts with these keypoints (Section [C.3.T). We find little-to-no effect on the final performance
when varying the keypoint size or shapes. Next, in Section we vary the frame rate and the
number of frames (with uniform sampling). Increasing either improves performance but saturates at
a given point.

C.3.1 KEYPOINTS AND TOKENIZATION

Given the vital role that tokenization plays in Vision Transformers (Yuan et al.,[2021), we conduct
a systematic experiment where we modify the keypoint size/shape to accommodate it cleanly into
standard tokenization routines. As shown in Fig. we visualize different keypoint scales to fit to
the standard ViT tokenization scheme. Results on subset of NTU-CI evaluation set are shown in
brackets. For an input image with Johansson’s keypoints, default tokenization (a) can split up each
keypoint across different patches. In (b), we reduce the size of the keypoints such that one keypoint
lies inside one patch. In (c), we enlarge the keypoint to a square such that one keypoint is equivalent
to one patch. While (a) and (b) perform similarly, using (c) leads to a drop in performance. Thus,
we retain the default tokenization (a) for simplicity.

C.3.2 FRAME RATE AND NUMBER OF FRAMES

As shown in Fig.[12] temporal sampling and number of frames both matter on JohanssonBench.
Accuracy rises steadily as more frames are drawn uniformly from each clip, from 2.9% at 2 frames
to a peak of 15.6% at 32, with a small drop at 64 frames that suggests diminishing returns rather
than a need for very long contexts. FPS sampling shows a sharper threshold: 1-2 FPS remains at
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Input image (a) Default (14.5%)  (b) Inside token (14.0%) (c) As token (12.4%)

Figure 11: Keypoints and tokenization. We visualize different keypoint scales to fit to the standard
ViT tokenization scheme. For an input image with Johansson’s keypoints, default tokenization (a)
can split up each keypoint across different patches. In (b), we reduce the size of the keypoints such
that one keypoint lies inside one patch. In (c), we enlarge the keypoint to a square such that one
keypoint is equivalent to one patch. We show accuracy on each tokenization scheme. While (a)

and (b) perform similarly, using (c) leads to a drop in performance. Thus, we retain the default
tokenization (a).

7.2%, then jumps to 14.7% at 4 FPS and only modestly improves thereafter (15.6% at 16 FPS),
indicating that a minimum temporal resolution is required to read the motion. In case of uniform
frame sampling, increasing the frames smoothly improves performance before saturating around
32 frames. We use F' = 16 frames as default for our experiments as using 2x frames improves
performance slightly but doubles the compute.

Uniform frame count FPS sampling (max 8 s)
17.51 15.6 | 15.6
: 15.2 .
15.0. 14.7
12.5
X
& 10.01
<
5
2 751
Qo
< 5.0,
2.51
0.0— i " y " y r " i " y
2 4 8 16 32 64 1 2 4 8 16
Number of frames (uniform linspace) FPS sampling rate

Figure 12: Ablation on number of frames and FPS. Performance improves smoothly with in-
creased number of frames (uniform sampling) saturating around 32 frames. In case of fixed FPS
sampling, performance only starts to improve with a high-enough temporal resolution (FPS = 4).

C.3.3 ABLATION ON KEYPOINT LOCATIONS

We evaluate RBI for robustness to the keypoint locations at test-time. Fig. [I3] shows an example
frame with three variants of the keypoint locations. In the third frame (from left), we place the
keypoints in the middle of the line connecting to its parent keypoint. In the final image, we randomly
vary the position of the keypoint along the line connecting to its parent keypoint. We randomize the
positions in the first frame and then keep them in that position throughout the video.

C.3.4 VARYING NUMBER OF KEYPOINTS IN JKP

We also qualitatively analyze the number of keypoints in the input JKP videos. For that, we use
samples from the CMU-Motion Capture dataset which has k = 41 keypoints by default. We lower &
down to 6 and find that around £ = 14 seems the minimum number of points for the model to infer
accurate human pose sequence from the JKP input.
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Random

Original keypoints

RGB Midpoints

Figure 13: Varying the keypoint locations. We evaluate RBI for robustness to the keypoint lo-
cations. This figure shows a sample frame with three variants of the keypoint locations. The first
image shows original RGB while the second one shows the original JKP frame with connecting lines
shown only for reference and three keypoints highlighted. In the third image, we place the keypoints
in the middle of the line connecting to its parent keypoint. In the final image, we randomly vary the
position of the keypoint along the line connecting to its parent keypoint. We randomize the positions
in the first frame and then keep them in that position throughout the video (i.e., we do not randomly
change the relative position across frames).

Table 8: Comparing base vs. distilled models at inference. While we LoRA fine-tune the base
model, at inference, we have the option of picking either. While base model results in slightly
better performance than distilled (8-step) model, it is ~ 17X slower - thus, we use the distilled
model. While LTX-2 offers an upsampling stage on top of the distilled model, we find that it often
hallucinates and degrades performance quantitatively. LTX-2.3 does not result in an improvement
over LTX-2 on our benchmark.

Model family = Checkpoint Accuracy (a‘}gall)leilg;:;gl]:)e(s)
LTX-2 (19B) Base 72.2 102.2
Distilled 71.8 6.7
Distilled + LTX-upsampled 57.9 12.4
LTX 2.3 (22B) Distilled 69.0 7.4
LTX 2.5 (22B) Distilled 71.6 6.8

C.4 SCALING PROPERTIES: MODEL AND DATA

There are various axes to scale: dataset size, model size, model generations (of the same family).
By model, here, we mean the downstream MLLM D,, and not the generative model Gg. As for the
generative model, LTX-2 only offers a single variant of 19B parameters.

First, in Section [C.4.T] we look at scaling model size across

C.4.1 QWEN FAMILY SCALING

As shown in Fig. [T6] (left), across the Qwen family, generation outweighs size: Qwen2-VL and
Qwen2.5-VL stay near 5-7% even at 7B, whereas Qwen3-VL and Qwen3.5 leap into the mid-teens,
with Qwen3-VL 8B at 16.2% and Qwen3.5 27B at 15.7%. Larger models generally help within a
generation, but newer architectures give the biggest gains. Note that this evaluation is restricted to
the NTU-CI split with N = 525 samples in the test set.

A similar model size scaling analysis is also conducted for Qwen3.5 across all three splits in Fig.[T7]
We also compare with SFT baseline with the same downstream model. On NTU-CI split (same train-
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Figure 14: Comparing base vs. distilled checkpoint at inference. Using base (30-step generation)
vs distilled (8-step generation) is similar in quality although the distilled checkpoint is 17x faster -
so we use for inference. LTX-2 offers a upsampling stage for the distilled checkpoint but it often
results in hallucinations and unnecessary details.

test actions), while SFT beats RBI in the small model range, RBI scales up faster to beat SFT in the
large model range. On the harder NTU-CA and UTD splits, RBI clearly beats SFT across all model
sizes and shows steeper scaling curves.

C.4.2 AMOUNT OF FINE-TUNING DATA.

In Fig. [16 (right), we vary the amount of fine-tuning data (JKP-RGB pairs) from the
NTU-CI split, i.e., we vary the amount of data in training G7 and evaluate with Dy €
{Qwen3.5 9B, InternVL3-8B}. We find a meaningful bump in performance even with just 5% of
data (~ 700 examples) but it continues to improve with more data.

D QUALITATIVE EXPERIMENTS

In this Section, we present several qualitative evaluations with RBI. First, we show qualitative results
on the Hidden bird illusion and the SpookyBench dataset. Then, we show results on several simple
robustness test, e.g., JKP video that occludes part of the motion trajectory. Finally, we also show
that RBI also works on animal motion with suitable text prompts.

D.1 NOVEL FORM-FROM-MOTION STIMULI

We consider entirely novel psychophysical stimuli where the central element is only perceptible
by motion alone. First, we consider the hidden bird illusion 2006). Second, we consider
examples from the SpookyBench dataset (Upadhyay et al.| [2026). For both of these examples, we
observed that using the default LoRA strength of 1.0 does not yield satisfactory result. Thus, we
increase the LoRA strength to 1.7 to emphasize more the fine-tuned knowledge over the base model
prior. This resulted in more accurate generations.
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Figure 15: Varying number of input keypoints. We vary the number of keypoints in the input
JKP on samples from CMU-MoCap. We find £ = 14 to a (qualitatively) reasonable threshold
which preserves motion information. For & < 14, we find various hallucinations in the pose (e.g., a
standing pose imagined as a sitting pose).
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Figure 16: Ablation on model size and training data %. (Left) Varying model size across different
generations of the Qwen family evaluated zero-shot. (Right) Varying the amount of fine-tuning data
for RBI and evaluation across two downstream MLLMs (again, zero-shot).

Hidden bird illusion. As shown in Fig. in this case, we consider a sketch of a bird with 21
strokes as foreground. Then, the same set of strokes are randomly arranged to create a background.
We invert the colors to prepare a white-on-black video where the bird flies through the random-
strokes background. We prompt RBI to detect and generate the flying bird. Without any training on
such stimuli, RBI is able to render the flying bird in the right locations. This example is best viewed
as an mp4 video (attached with Supplementary Material).

SpookyBench. Next, we also consider examples of motion noise captcha from Spooky-
Bench (Upadhyay et al.| 2026)). It consists of shape/object/word rendered as noise against a back-
ground of dynamic noise. It is this motion of noise that lets the central element pop up. We input
the raw noise video to RBI and prompt it to detect the hidden object/shape. To get a sense of the
difficulty of this task, it is best to view examples as mp4 videos (attached with Supplementary Ma-
terial). Results are shown in Fig.[I9)and Fig. In case of fixed objects (e.g., deer) or shape (e.g.,
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Figure 17: Qwen3.5 scaling across evaluation splits. Accuracy (%) vs. model size for zero-shot
JKP (gray), JKP + SFT (blue), and RBI on generated RGB video (green) on (a) cross-instance NTU
(N=525), (b) cross-action NTU (N=250, novel classes), and (c) cross-dataset UTD (/N=861).
Dashed lines: log-linear fits; shaded bands: £RMSE.

heart), RBI is able to figure out its contour. Although, because it is fine-tuned on humans, it tries
to fill in the shape with human-like elements (e.g., feet of the deer seem human feet, the horns seem
like human arms). Funnily, in some cases (see Fig. 20| (right)), it incorrectly tries to approximate
more complex shapes (e.g., penguin) with a human in a similar pose. Finally, we report that the
model is unable to render text accurately although it does get the broad area of where the text is
located but cannot render the letters.

D.2 PSYCHOLOGY-INSPIRED ROBUSTNESS CHECKS

We also conduct several simple robustness tests inspired by analogous experiments with humans.
For instance, experiments with turning the JKP input upside-down leads to degradation in human
ability to recognise the action (Troje & Westhoffl, 2006; Pavlova & Sokolov, 2000). RBI also strug-
gles with such an input - it incorrectly generates an upright human with unusual limb lengths. Like-
wise, we also test with an occlusion which hides some keypoints in the middle of the video (Graf
et al.,2007). RBI is quite robust to this occlusion and generates the walking person as if there was no
occlusion. Interestingly, this also matches human observation. We also test with temporally shuffled
frames which looks like a randomly sped up video. RBI generates multiple persons in this case.
Finally, we also check the case of a person walking towards or away from the camera. The original
input is of a person walking towards the camera - RBI works perfectly in this case. To simulate
person walking away from camera, we temporally reverse the original keypoint video. As a human,
we could sense the discrepancy in the time-reversed video. RBI interestingly also seems confused -
it generates a person walking behind but with facing the camera.

D.3 GENERALIZATION TO ANIMAL MOTION BY TEXT PROMPTING

While RBI is trained on human keypoint videos, can it also generalize to animal keypoint motion?
This has also been an interest of study for psychologists (Mather & West, [1993)) with human experi-
ments. Much like humans, we find that RBI too generalizes quite well to animal keypoints, although
it requires careful text prompt to generate realistic animal motion. Results are shown in Fig. [21]

E ADDITIONAL RELATED WORK

Owing to the limited space in the main paper, we discuss some additional related work in human
vision below.

Why does the human brain perceive JKP coherently? One may ask, why do we perceive such
a sparse stimuli so effortlessly? We argue that JKP is a minimal, extremely compact representation
of human (and animal) motion (Johanssonl |1973}; |[Blake & Shiffrar, |2007). This is important in a
predatory-prey situation where one may want to quickly observe and infer the action of the other

28



Under review as a conference paper at ICLR 2027

Foreground (bird) Background (made up of bird strokes)

A

ying throug

Figure 18: Bird’s illusion. See https://michaelbach.de/ot/cog-hiddenBird/index.html for an intuitive
example. We consider a sketch of a bird with 21 strokes as foreground. Then, the same set of strokes
are randomly arranged to create a background. We invert the colors to prepare a white-on-black
video where the bird flies through the random-strokes background. We prompt RBI to detect and
generated the flying bird. Without any training on such stimuli, RBI is able to render the flying bird
in the right locations.

(Johnson, 2006). Perhaps, this compact representation may also help us perceive actions in low light
conditions, or at a distance, or when the visual signal is poor or occluded (Grossman & Blake, 1999;
Cutting et al., |[1988). Under these conditions, an appearance-free, purely motion-centric representa-
tion is likely to be robust.

How does the human brain perceive JKP? Neuroscience work suggests this recognition relies
on a dedicated brain region (posterior STS) that acts as a detector specialized for spatiotemporal
point patterns, responding to organized joint motion but not to scrambled versions of the same mo-
tion vectors (Grossman et al.,|2000;|Grossman & Blakel |2002). This is separate from generic optical-
flow/motion areas (analogous to MT/MT+ in vision models), indicating the brain treats “structured
keypoint motion” as its own category rather than folding it into general motion estimation (Gross-
man & Blake, [2002). Furthermore, the recognition pipeline is tuned to sparse, skeleton-like inputs
rather than dense pixel-level appearance (Puce & Perrett, [2003). Behavioral studies show humans
build action categories directly from these sparse spatiotemporal keypoint trajectories (Hemeren,
2008)), and computational models formalize this as a hierarchy: local motion/keypoint features are
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Input noise sequence Generated video frame Reference ground truth

Animal

Shape (heart)

Text

Figure 19: Examples from SpookyBench. Ground truth reference is obtained by simple operations
(e.g., normalized temporal difference) to highlight the signal from the noise. RBI accurately identi-
fies the shape (animal, heart) through its motion perception. It fills in with a bizarre-looking object -
but the highlight is that it identifies and separates the signal (shape) from noise. For the case of text
rendering, it is unable to get the letters right but only gets the broad area where the text is located.

Generated Reference ground truth Generated Reference ground truth

(a) RBI manages to extract the shape correctly from (b) RBI fails on peculiar objects and tries to fit a
motion captcha person instead.

Figure 20: Some more successful and failed examples from SpookyBench. RBI is able to detect
simpler shapes such as an arrow, parallelogram or cross. In case of more complex objects like a
penguin, it tries to approximate it by a person in a weird pose. It also does not work as well when
the foreground object/person is moving very fast or when the camera moves rapidly.

grouped bottom-up into body structure, refined by learned, top-down priors about plausible human
movement 2015). Another line of work suggests that the observer’s motor system (premotor,
primary motor, and parietal cortex that plan and control one’s own body movements) gets activated
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Prompt: “Observe the point-tracks of a person and a dog”.

Prompt: “Observe the keypoints of a dog in this video.”

Prompt: “Observe the keypoints of a horse in a green field.”

Figure 21: More qualitative results with point-tracking and varying text prompts. We investi-
gate if RBI (trained on human keypoint videos) also generalize to animal keypoint motion. With the
right text prompt, we find the model does generate accurate realistic motion of animals.

while perceiving JKP videos (Saygin et al., |2004; Saygin, 2007; |Calvo-Merino et al., 2005). This
suggests that observers may recognize an action in part by internally simulating how they would
perform it, rather than by classifying the visual input directly.

Visual generation for perception tasks. As generative models have improved enormously, they
are increasingly being used as data synthesis engines for training perception models. Diffusion
models have already shown promising performance on several visual recognition tasks(Azizi et al.
2023} |Gatti et al.,[2026). The imagine-then-act theme is also widely popular in robotics (Bharadhwaj
et al.l 2024} Hu et all 2024} [Liang et al) 2024). Similarly, world models continue to be widely
used(Agarwal et al.,[2026). In this work, while we use a video generation model in a similar spirit,
it is not to generate synthetic data, or simulate the future, but rather to solve a purely visual motion
perception task grounded in psychophysics.

Controlled video generation. There is also a lot of related work on generating raw video from
skeleton pose maps for animation(Wang et al.,|2026;Zhang et al., 2024b). A key difference with our
work is that skeleton pose maps reveal the form (person) in a single frame whereas in case of JKP,
one needs to figure out the shape from motion. Going from point-tracks to RGB (Geng et al.} 2025;
Namekata et al., 2026) or vice-versa (Hedlin et al.| [2024; [Shrivastava et al., [2026) are related tasks.
We do not use dense point tracks but instead consider a sparse, minimal set of keypoints sufficient
to perceive biological motion. In the future, we will explore more generalized keypoint-to-video
generation setup where keypoints are obtained with point trackers.
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Upside-down Generated video sequence
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Walking towards the camera Generated video sequence

Walking away from the camera Generated video sequence

Figure 22: Robustness checks. We conduct several simple robustness tests inspired by analogous
experiments with humans, e.g., upside-down or occluded input or change in the scale of the actor
(by simulating walking towards / away from camera). By and large, RBI’s generations tend to match
human judgement in these experiments (Pavlova & Sokolov|(2000); Graf et al.| (2007)).
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