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Abstract

Complex visual reasoning and question answering (VQA) is a challenging task
that requires compositional multi-step processing and higher-level reasoning capa-
bilities beyond the immediate recognition and localization of objects and events.
Here, we introduce a fully neural Iterative and Parallel Reasoning Mechanism
(IPRM) that combines two distinct forms of computation — iterative and parallel —
to better address complex VQA scenarios. Specifically, IPRM’s “iterative"” com-
putation facilitates compositional step-by-step reasoning for scenarios wherein
individual operations need to be computed, stored, and recalled dynamically (e.g.
when computing the query “determine the color of pen to the left of the child in
red t-shirt sitting at the white table”). Meanwhile, its “parallel” computation
allows for the simultaneous exploration of different reasoning paths and benefits
more robust and efficient execution of operations that are mutually independent
(e.g. when counting individual colors for the query: “determine the maximum
occurring color amongst all t-shirts”). We design IPRM as a lightweight and fully-
differentiable neural module that can be conveniently applied to both transformer
and non-transformer vision-language backbones. It notably outperforms prior task-
specific methods and transformer-based attention modules across various image
and video VQA benchmarks testing distinct complex reasoning capabilities such
as compositional spatiotemporal reasoning (AGQA), situational reasoning (STAR),
multi-hop reasoning generalization (CLEVR-Humans) and causal event linking
(CLEVRER-Humans). Further, [IPRM’s internal computations can be visualized
across reasoning steps, aiding interpretability and diagnosis of its errors. Source
code to be released at: https://github.com/shantanuj/IPRM_Iterative_
and_Parallel_Reasoning_Mechanism

1 Introduction

Visual reasoning and question answering (VQA) at its core requires a model to identify relevant
visual operations, execute those operations, and then combine their results to make an inference.
Complex visual reasoning scenarios (depicted in fig. [I]) are particularly challenging in this regard.
They require models to reason compositionally over a large number of reasoning steps and to engage
in a variety of higher-level reasoning operations such as causal linking, logical reasoning, and
spatiotemporal processing that extend beyond core perception capabilities. In this context, two
powerful computational priors exist — iterative and parallel. While each has its own limitations,
when combined, they can complement each other and effectively address the challenges of complex
VQA tasks. Specifically, iterative computation, wherein individual operations are identified and
composed in a step-by-step manner, is a beneficial prior for multi-step reasoning scenarios explored
by past VQA works [28, 25| [18]. However, pure iterative computation can exhibit limitations in
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Figure 1: Complex VQA scenarios (CLEVR-Humans [35], GQA [29], CLEVRER-Humans[51]),
AGQA[20] and STAR[79]) wherein combination of iterative (step-by-step) computation (blue phrases)
and parallel computation ( ) can be beneficial for reasoning.

scenarios wherein the entailed visual operations are independent of one-another, or where distinct
stimuli need to be processed and tracked simultaneously.

For example, consider the first scenario shown in fig. When executing the language phrase
“maximum occurring shape" (i.e. “what shape appears the most"), a purely iterative method would:
(i) compute the count of each shape (each of which itself could take multiple iterations), (ii) then
update and maintain the counts in memory (without forgetting count of all previous shapes), and (iii)
finally, recall each shape’s count to compute the “maximum"|'| Besides taking more reasoning steps
than required, such computation also increases the demand for information retention and recall in
memory, which in this scenario could scale by the number of shapes to be counted. In complex video
reasoning scenarios, a purely iterative method would similarly struggle in tracking and reasoning
over multiple co-occurring events. In such scenarios, from both efficiency and efficacy perspectives,
it is advantageous to process operations or stimuli in parallel, rather than solely iteratively.

More generally, parallel computation facilitates the simultaneous maintenance and exploration of
distinct reasoning paths, and thereby enables reasoning to be more comprehensive, efficient and
robust. For example, to compute “maximum occuring shape”, parallel compute can enable distinct
shape queries to be simultaneously computed prior to computing the “maximum" operation. Similarly,
it is effective for other scenarios illustrated in fig. [1|such as in processing independent logical clauses
(“{are X} and {Y made of plastic}”) or when tracking and processing co-occurring events in videos.

Such computation can be implicitly realized in conventional transformer-based parallel attention
mechanisms [70]]. However, transformer-based attention does not explicitly incorporate iterative com-
positional computation [14}41]], which as described is beneficial for multi-step reasoning scenarios
wherein operations need to be composed sequentially. Accordingly, while parallel computation may
effectively compute the result of “maximum occurring shape" in fig.[I] it would potentially struggle

to integrate the result with further operations such as “green object with ..", “small object in front of
green ..", and “color of .." that need to be computed step-by-step to answer the question.

Based on the above insights, we design the Iterative and Parallel Reasoning Mechanism (IPRM),
a novel neural reasoning architecture that combines step-by-step iterative computation with the ability
to process multiple independent operations and stimuli simultaneously. Inspired by how humans
utilize working memory [17} 9] to facilitate complex reasoning, IPRM internally maintains a latent
memory of parallel “operation states", keyed to which are “results states". Given vision and language
inputs, [PRM performs the following iferative computation. First, it forms a new set of parallel
operations by retrieving relevant language information conditioned on its prior operation states. Then,
it “executes"” these operations parallelly by retrieving relevant visual information conditioned on its
new operations as well as prior result states. Finally, it integrates its new operations (and their results)
into memory by dynamically composing these operations with one-another as well as prior operation
states, and subsequently, repeats the entire process in its next iterative step.

This strategy effectively enables us to take advantage of both parallel and iterative computations and
notably helps improve state-of-arts across various complex image and video reasoning tasks using a
single reasoning mechanism. Equally importantly, [IPRM’s internal computations can be visualized

! Assuming “max" is applied after counts of all shapes are computed.
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