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We present our ongoing work on visual processing that combines top-down and bottom-up
processing in order to learn consistent visual models useful for recognition and synthesis. We
will show applications to three-dimensional dynamic human pose reconstruction in video, but the
methods apply more generally to other types of objects or scene factors.

The pose inference problem has been initially addressed using the machinery of top-down,
generative modeling, with feedback provided within an image analysis-by-synthesis loop. Despite
being a natural way to model the appearance of complex articulated structures, the success of gen-
erative models has been partly shadowed because it is computational demanding to infer the distri-
bution on their hidden states (here human joint angles) and because their parameters are unknown
and variable across many real scenes. This has motivated the emergence of bottom-up, feed-forward
recognition methods that predict state distributions directly from image features [6, 7]. Despite their
speed and simplicity, recognition methods tend to assume that the object of interest is segmented
and could suffer from the lack of feedback. This makes them prone to hallucination.

We will describe one possible way to combine the strengths of both approaches using a bidirec-
tional model with both recognition and generative sub-components. (A remarkable precursor with a
different structure, cost function and properties can be found in [3]) The generative model predicts
human like images represented as spatial distributions of local histograms of edge orientations [5].
In turn, the recognition model, based on conditional Bayesian mixtures of sparse experts, is trained
to predict complex hidden state distributions from the same edge-based image descriptors. Learn-
ing the parameters of the bidirectional model alternates self-training stages in order to maximize the
probability of the observed evidence (images of humans). During one step, the recognition model is
trained to invert the generative model using samples drawn from it. In the next step, the generative
model is trained to have a state distribution close to the one predicted by the recognition model.
At local equilibrium, which is guaranteed within a variational approximation framework, the two
models have consistent, registered parameterizations. We train on artificially generated human sil-
houettes obtained from a computer graphics human model, animated using human motion capture
data, and rendered on backgrounds drawn from a database of natural indoor and outdoor images.

During on-line inference, the pose estimates are driven mostly by the fast recognition model but
implicitly include generative feedback for consistency. The resulting 3d temporal pose predictor
operates similarly to existing 2d object detectors [8]. It searches the image at different locations
and uses the recognition model to hypothesize 3d configurations. Feedback from the generative
model helps to downgrade incorrect competing 3d pose hypotheses and to decide on the detection
status (human or not) at the analyzed image sub-window. This strategy provides a uniform treatment
of object detection, pose initialization and tracking.
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Figure 1: Examples of images included in our training database that consists of synthetically gener-
ated poses (from motion capture) rendered on natural indoor and outdoor image backgrounds. The
rightmost plot shows masks used to generate partial occlusion within the detection window (regions
shown in gray) views. We use only simple combinations restricted to intermediate horizontal and
vertical positions, but more complex arrangements are possible.

Figure 2: Several reconstructions in outdoor and indoor scenes. Notice the difficulty of the poses
that involve self-occlusion, clutter and sometimes low limb contrast. The position of the arms is not
always estimated precisely (especially for cases atypical of the training distribution), but often the
overall reconstruction still captures some of the important qualitative aspects in the posture of the
human subjects.
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