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ABSTRACT

Feedback plays a prominent role in biological vision, where perception is mod-
ulated based on agents’ evolving expectations and world model. We introduce
a novel mechanism which modulates perception based on high level categorical
expectations: Mid-Vision Feedback (MVF). MVF associates high level contexts
with linear transformations. When a context is ”expected” its associated linear
transformation is applied over feature vectors in a mid level of a network. The
result is that mid-level network representations are biased towards conformance
with high level expectations, improving overall accuracy and contextual consis-
tency. Additionally, during training mid-level feature vectors are biased through
introduction of a loss term which increases the distance between feature vectors
associated with different contexts. MVF is agnostic as to the source of contextual
expectations, and can serve as a mechanism for top down integration of symbolic
systems with deep vision architectures. We show the superior performance of
MVF to post-hoc filtering for incorporation of contextual knowledge, and show
superior performance of configurations using predicted context (when no context
is known a priori) over configurations with no context awareness. 1

1 INTRODUCTION

In most contemporary computer vision architectures information flows in a single direction: from
low-level of pixels up to high level abstract concepts (e.g., object categories) - such architectures are
termed feed-forward architectures. In general, each successive layer of the network contains more
abstract representations than the previous, and the representational hierarchy mirrors the architec-
tural hierarchy. It is also possible to introduce top-down connections into the network architecture,
introducing high level information into processes involving lower levels of abstraction in a process
of feedback.

Feedback plays a primary role in biological vision; in fact, the majority of neural connections in the
visual cortex are top-down, rather than bottom-up, connections (Markov et al., 2014). These top-
down connections are thought to convey information of higher level expectation, and neurons of the
visual cortex use both higher level expectation as well as lower level visual information in producing
their representations. Expectations in biological systems arise from continuous engagement with the
environment. In Computer Vision, this is reflected in the paradigm of Active Vision (Bajcsy, 1988;
Fermüller & Aloimonos, 1995), where perception is framed as an active problem involving evolving
world models.

The task of producing mid-level visual representations Teo et al. (2015a;b); Xu et al. (2012); Nishi-
gaki et al. (2012) from low level input is under-constrained - many plausible mid-level interpretations
may be consistent with input. To give an intuition for how understanding of context can impact per-
ception of mid-level features consider Figure 1 - characteristics of shrews and kiwi differ, but may
be similar enough to be confused without context. Top-down feedback - from high level context to
mid-level visual features - provides a “map” for mid-level processes, constraining it towards high
level consistency.

1Code will be available at: https://github.com/maynord/Mid-Vision-Feedback
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Figure 1: Here we illustrate images cropped to exclude context. At first glance, due to similarities
in color, texture, and pattern, images from the top row (animate) may appear to be of the same class
as those of the bottom row (inanimate). With an understanding of the difference of context, upon
closer inspection, it is clear that there are meaningful lower level feature differences.

Introduction of contextual knowledge through feedback is superior to post-hoc application of contex-
tual knowledge, e.g. through discarding interpretations (classifications, here) which are not context
consistent. We demonstrate this point empirically.

Interpretations selected after post-hoc filtering for context consistency will still be built upon under-
constrained mid-level features. Furthermore, in contrast to post-hoc filtering, feedback naturally
allows for detection of out-of-context objects, as feedback functions through biasing of visual rep-
resentations rather than filtering. It is valuable for methods to allow for out-of-context detections,
even when biasing against them, as out-of-context objects on occasion appear (e.g., a tree in an office
setting).

Figure 2: Artist illustration of decoupled repre-
sentations, as may be learned by a CNN. For illus-
tration we annotate characteristics with visually
recognizable categories, though in this work we
exploit the tendency towards decoupled represen-
tations at lower levels. Feature vector angle cor-
responds to characteristic type, while feature vec-
tor magnitude corresponds to within characteristic
variation or degree. (Liu et al., 2018) observe that
CNNs produce decoupled representations, and de-
rive a similar illustration over MNIST by setting a
convolution operator’s dimension to 2.

CNNs have a natural tendency towards decou-
pled representations - representations with a
tendency for feature vector angle to correspond
to characteristic type (e.g., ”fuzzy”), and for
feature vector magnitude to correspond to char-
acteristic variation or degree (Liu et al., 2018)
(e.g., ”very fuzzy” / ”not fuzzy”) (See Figure 2
for an illustration). This opens up a couple of
possibilities in terms of directly manipulating
feature representations: 1) We can differenti-
ate between axes with different associations to
high level contexts, 2) we can control magni-
tudes of characteristics through amplifying and
dampening axes associated with those charac-
teristics. That is, w.r.t. point #1, as CNNs
produce representations which are, to a degree,
separated by angle, certain axes will be more
associated with some higher level contexts over
others. Also, w.r.t. point #2, amplifying char-
acteristics associated with a higher level context
increases the likelihood of interpreting input as
conforming to that context; dampening charac-
teristics associated with that context reduces the
likelihood of interpreting input as conforming
to that context.

We present a principled method to feedback
- Mid-Vision Feedback (MVF), illustrated in
Figure 3 - allowing the biasing of mid-level feature representations in networks such as CNNs to-
wards conformance with high level categorical expectations. This approach is comprised of two
components: 1) linear transforms (affine transformations), and 2) orthogonalization bias.
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Affine transformations enable direct control over the feature vectors at the injection level - the level
into which feedback is being inserted. If these vectors have been trained with a bias towards orthog-
onality w.r.t. contexts, then this allows for affine transformations to manipulate features associated
with context presence or absence with less impact on other features.

The orthogonalization bias is introduced to increase the independence between contexts, so they can
be manipulated with less interference. This bias is introduced at the injection level. This does not
negatively impact the representational power or performance of the base network. This orthogonality
bias is introduced across contexts - e.g., mid-level feature vectors associated with animate contexts
can be biased towards orthogonality w.r.t. mid-level features associated with inanimate contexts.
Due to the resulting greater angular separation between features associated with different contexts,
this biasing allows greater control over facets of mid-level representation which are meaningful to
higher level contexts.

MVF then functions as follows. During runtime a high level context expectation is associated with
input. This expectation is used in biasing mid-level visual features through use of an affine trans-
formation associated with the context of that expectation. This selects for characteristics associated
with this context. These affine transformations are better enabled as a consequence of the disentan-
glement of such characteristics at the injection level, effected through introduction of the orthogo-
nalization bias during training.

Feedback then enables a synergy between high level categorical interpretations and mid-level visual
feature representations, bridging the signal-symbol gap in both directions. This approach to incorpo-
ration of context expectations is controlled. This differs from an approach of connecting the upper
level fully connected layers of a network directly to lower level convolutional levels in a scheme
which includes neither categorical representations nor biasing w.r.t. said categorical representations.

Figure 3: MVF structure. As training involves a contrastive loss (LO) between samples belonging
to different contexts, the base network is shown twice in the figure: on the top when fed with a
horse image, and on the bottom when fed with a desk image. Affine transformations (linear transfor-
mations) are inserted into a conventional CNN architecture. These affine transformations modulate
feature representations at injection levels (network levels over which affine transformations are ap-
plied) in accordance with high level context expectations (E). LO is inserted to put pressure on the
network to help separate feature representations at the injection levels according to context, better
enabling manipulation by affine transformation. During training, samples from different contexts
are fed through the network in pairs. The context expectations determine the selection of appropri-
ate affine transformations.

MVF both employs feedback from categorical knowledge and is agnostic w.r.t. the source of that
categorical knowledge - i.e., it is not a requirement that context expectations be produced from the
same network. As a consequence of this, MVF allows for interfacing with larger symbolic systems
- e.g., models of scenes employing graphical models over scene elements and categories. This top-
down synergy across the signal-symbol gap opens up a wide range of applications.

The rest of this paper is structured as follows: In Section 2 we cover related work; in Section 3 we
detail methods; in Section 4 we cover experiments; and, in Section 5 we conclude.
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2 RELATED WORK

2.1 BIOLOGY, FEEDBACK, AND PARALLELS TO COMPUTERV ISION

Previous works ( (Markov et al., 2014), (Gilbert & Sigman, 2007), Kreiman & Serre (2020), (Gilbert
& Li, 2013), and (Paneri & Gregoriou, 2017)) have explored the importance of feedback connec-
tions in biological sensory perception. Further work ((Liao & Poggio, 2016) and (van Bergen &
Kriegeskorte, 2020)) draw connections between feedback in computer vision architectures and the
primate visual cortex. (Tang et al., 2018) show that feedforward CNNs are not robust to occlusion,
unlike in human perception, but that adding recurrence improves occlusion robustness. (Lotter et al.,
2016) introduce PredNet, a network based on predictive coding, and demonstrate bene�ts on the task
of self-supervised frame prediction.

There is good reason to believe that modeling characteristics of biological vision in computer vision
architectures will bene�t computer vision (e.g., (Medathati et al., 2016; Teo et al., 2015c)). For
example, (Linsley et al., 2020b) demonstrate a network with top-down connections which aligns
with human perception of visual illusions, where feedback aids in prioritizing object boundary con-
tours over simple edge contours. (Linsley et al., 2020a) shows how recurrent hierarchical feedback
model can improve segmentation. (Konkle & Alvarez, 2020) introduce instance-prototype con-
trastive learning, and show that self-supervised models can learn representations which are more
brain-like than supervised models. (Li et al., 2021) introduce Contrastive Clustering, showing a
bene�t to instance- as well as cluster-level contrastive loss in clustering.

(Long et al., 2018) demonstrate large scale organization of the cortex based on mid-level visual fea-
tures (below the level of object recognition), including those associated withanimacyvs. inanimacy.
(Jagadeesh & Gardner, 2022) argue that representations in category selective regions of the visual
cortex encode a basis representation for texture, rather than objecthood representations. (Harrington
& Deza, 2021) demonstrate that constraining networks to be robust to adversarial input produces
network representations more in-line with human visual perception, and argue for the use of texture
summary statistic representations.

2.2 FEEDBACK IN EXISTING COMPUTERV ISION METHODS

The conventional approach to feedback in computer vision is the use of recurrent connections.
(Caswell et al., 2016) introduce recurrent connections into shallow CNN architecture for image
classi�cation. (Pinheiro & Collobert, 2014) employ recurrency over convolutions for the purpose
of enabling lateral information �ow in the task of segmentation. (Zamir et al., 2016) instantiate
feedback through an RNN architecture which iteratively re�nes prediction categories from coarse to
speci�c.

Alternatives to conventional recurrent connections for feedback include (Hu & Ramanan, 2016),
which explore convolutions with hierarchical recti�ed Gaussians to enable top-down as well as
bottom-up information �ow, and apply them to the task of keypoint localization under occlusion.
Additionally, (Yao et al., 2012) apply a graphical model over scene representations, allowing higher
and lower level decisions to in�uence each other.

3 METHODS

With MVF we seek a feedback mechanism which allows us to directly bias lower level feature repre-
sentations based on categorical higher level context expectations. This involves top-down interaction
across two levels of abstraction: 1) high level contextsci 2 C, 2) mid-level featuresf i 2 F .

The structure of MVF is illustrated in Figure 3, and the loss and training formulation given in Section
3.1. Context expectations sit at a level of abstraction above the classes of network output, and are
used in selecting af�ne transformations placed above the output of injection levels. When applied to
injection level output, the af�ne transformations bias injection level feature representations towards
conformance with the associated context expectation, as illustrated in Figure 4. Injection level output
is made more amenable to manipulation according to context through introduction of a contrastive
lossL O , introducing a bias towards orthogonalization across context.
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