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Fig. 2. PARSeq architecture. [P], [B], and [E], are padding tokens, beginning-of-
sequence (BOS), and end-of-sequence (EOS), respectively. .Lce is the cross-entropy loss.

There are two MHA modules, they are used for context-position attention 
and image-position attention respectively. The context-position attention is given
by:

.hc = p+ MHA(p, c, c,m) ∈ R
(T+1)×dmodel , (2) 

where .p ∈ R
(T+1)×dmodel are the position tokens, . T is the context length, . c ∈

R
(T+1)×dmodel are the context embeddings with positional information, and . m ∈

R
(T+1)×(T+1) is the optional attent ion mask.

The image-position attention is giv en by:

.hi = hc + MHA(hc, z, z) ∈ R
(T+1)×dmodel (3) 

The output logits are giv en by:

.y = Linear(hdec) ∈ R
(T+1)×(S+1), (4) 

where . S is the size of the character set used for training, and .hdec is the last 
decoder h idden state.

The decoder function is giv en by:

.y = Dec(z,p, c,m) ∈ R
(T+1)×(S+1). (5) 

The main feature of PARSeq is permutation language modeling, which trains
the model on all . T factorization of the likelihood, where T is the number of tokens 
in the output sequence. Considering the standard Vision Transformers, it i s
nothing but a particular case of PLM where one of the permutations . [1, 2, . . . , T ]
is used. It can b e stated as:

.logp(y|x) = Ez ∼ ZT

[
T∑

t=1

log pθ(yzt
|yz<t,x)

]
. (6) 

Due to computational requirements, the model is only trained on some . T
factorization but .K of the . T permutations. This .K is chosen so that the first 
half of the permutations are left-to-right randomly sampled permutations, and
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Fig. 4. Shows selected samples showcasing qualitative results obtained using PARSeq 
across ten Indic languages. Text highlighted in blue refers to the Ground truth and
text highlighted in red refers to text recognized incorrectly. (Color figure online)




