
Separating the what and how of compositional computation1

to enable reuse and continual learning2

Appendix3

A Formalization of compositional tasks and task designs4

We propose a formalization of shared compositional structures in sequence-to-sequence (seq2seq)5

tasks and show that the formulation is expressive enough to capture many commonly used tasks in6

the literature. In each trial of a seq2seq task, the learner receives an input time sequence ssst=1,...,T7

and needs to produce a target output sequence yyyt=1,...,T . Different tasks (indexed by c 2 Z+) are8

distinguished from each other by their input distributions as well as the underlying input-to-target9

rules, together encoded in p(sss1:T , yyy1:T |c). For notational convenience let qqqt ⌘ [ssst, yyyt] 2 RDq .10

We model this distribution over task-observables by introducing a set of latent variables resulting in11

the joint distribution12

p(qqq1:T , z1:T , x, c) = p(x|c)p(z1|c)
T�1Y

t=1

p(zt+1|zt, c)
TY

t=1

p(qqqt|zt, x) p(c). (6)

We initially provide intuition about our modeling choices, before formally specifying the distributions13

for the tasks of the main paper in section A.1 and A.2 below.14

To model different tasks with a shared compositional structure, we first observe that in many tasks15

used in neuroscience experiments, each trial can be temporally segmented into discrete epochs, which16

we denote as zt 2 Z+. Each epoch has its distinctive input and target statistics, though they may17

exhibit complex temporal dependencies across epochs throughout the trial. To illustrate this, we can18

consider a simple task testing the learner’s ability to memorize: During a stimulus epoch, inputs19

provide information about a trial-specific latent variable (e.g., a dot on the screen indicating an angle20

✓). The inputs eventually turn off, and the learner needs to maintain the relevant information in21

memory until a cue solicits a ✓-dependent response (e.g., a saccade in the direction of the angle).22

This example corresponds to the MemoryPro task from the main paper.23

One might initially attempt to model this epoch dependence as a simple Hidden Markov Model24

(HMM), where each epoch has its own observation model p(qqqt|zt). However, this approach would25

fail to capture that the yyyt during the response epoch is coupled to the ssst from the stimulus epoch via26

the shared trial-specific latent variable. In our example above, the statistics of the stimulus epoch and27

response epoch are coupled since they are both dependent on ✓. To take this cross-epoch dependency28

into account, we explicitly model the “stimulus condition”, indexed by the trial variable x. In the29

specific example above, there may be a list of possible directions and x selects one to use as ✓. Thus,30

in our model of cognitive tasks, the observed inputs and target responses depend not only on the31

latent epoch zt but also a second latent variable x, which additionally parameterizes the observation32

models of all epochs.33

We model tasks as being compositionally related if we can use the same underlying set of task34

epochs and conditional distributions over qqqt|zt, x to describe them. For a simple example of different35

tasks sharing compositional structure, we can consider the MemoryPro task described above, and36

construct a second task, MemoryAnti, which shares the same stimulus epoch but requires a response37

in the opposite direction of ✓. Here, the dependence of the response epoch on ✓ is different (and38

MemoryAnti will therefore have a different response epoch relative to MemoryPro), but the statistics39

of the stimulus epoch are identical across the two tasks. The differences in what epochs contribute40

to each task and how one epoch transitions to the next is captured via task-dependent Markovian41

transitions over epochs p(zt+1|zt, c).42

A.1 Generative model43

To make our model of neuroscience tasks tractable and applicable to training RNNs, we make some44

simplifying choices for its components. For all tasks, p(x|c) is assumed to be a uniform distribution45

over some finite set of size Nx. p(z1:T |c) is assumed to be a Markov process with the initial state46

distribution and transition probabilities determined by c. Finally, the observation model p(qqqt|zt, x) is47
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assumed to be a multivariate Gaussian with a (zt, x)-dependent mean. Under these assumptions, our48

model can be seen as an HMM with c-dependent latent-state dynamics and x-dependent emission49

models for all latent states. If there is only one task and one possible x value in all trials, the model50

reduces to a standard HMM. In the more general case, it can be viewed as a mixture (across tasks51

identities) of HMMs with Gaussian Mixture emissions (across trial variables x) .52

In summary, for trials r = 1, . . . , Ntrials we generate tasks as53

cr ⇠ p(c) task identity cr 2 {1, . . . , Nc}
z
r
1 |cr ⇠ Discrete(⇧⇧⇧c) epoch identity z

r
t 2 {1, . . . , Nz}

z
r
t |zrt�1 = z

0
, cr = c ⇠ Discrete(⇤⇤⇤c

:,z0)

xr|cr ⇠ Discrete(
1

Nx
111) trial variable xr 2 {1, . . . , Nx}

qqq
r
t |zrt = z, xr = x ⇠ N

�
q̄qqz,x,�

2
I
�

inputs and targets qqq
r
t 2 Rd

This model thus allows us to specify a set of Nc tasks sharing a compositional structure as follows.54

Let Nz denote the number of epochs shared among these tasks. The composition of the c-th55

task is specified by its epoch-transition parameters: the transition probabilities ⇤⇤⇤c 2 RNz⇥Nz :56

⇤c
z,z0 = p(zt = z|zt�1 = z

0
, c) and initial probabilities ⇧⇧⇧c 2 RNz : ⇧c

z = p(z1 = z|c). The57

observation model of each epoch is specified by the means corresponding to different x values,58

{q̄qqz,x 2 RDq}x=1,...,Nx , where q̄qqz,x is the mean of the multivariate Gaussian p(qqqt|zt = z, x).59

Thus, altogether an ensemble of Nc tasks composed from Nz epochs is specified by the tuple60

({q̄qqz,x}z=1,...,Nz ;x=1,...,Nx , {(⇤⇤⇤c
,⇧⇧⇧c)}c=1,...,Nc), where the first component specifies the epochs and61

the second specifies how they are used to compose the tasks.62

A.2 Expressing common cognitive and motor tasks in our framework63

Below, we provide explicit details of the distributions and parameters used to generate our task set.64

We follow the same epoch notation introduced in Table 1 of the main paper. We initially describe the65

temporal structure in terms of epochs of each task, and then define epoch-specific distributions.66

All tasks start with the fixation epoch (F ), which presents no stimulus and an active fixation67

cue. The required output is to maintain fixation without response. In all the non-response68

epochs (stimulus S, memory M and decision stimuli SDM ), the fixation cue is on and the re-69

quired output is to maintain fixation without producing a response. During the response epochs70

(RP , RA, RM,P , RM,A, RDM,P , RDM,A), the fixation cue turns off and the learner needs to stop71

fixation and produce a response � according to some rule, as described below. Without loss of72

generality, we considered 8 possible stimulus conditions per task (Nx = 8) and generate x i.i.d. from73

a uniform distribution for the 8 possible values.74

Delayed response tasks (DelayPro, DelayAnti). After F , the stimulus epoch (S) presents an angle75

✓, chosen from {0,⇡/4, ..., 7⇡/4} depending on x. The stimulus presentation stays on during the76

ensuing response epoch (RP for DelayPro or RA for DelayAnti), where the target output becomes77

� = ✓ (RP ) or � = ✓ + ⇡ (RA).78

Memory-guided response tasks (MemoryPro, MemoryAnti). After S, stimulus presentation disap-79

pears in the memory epoch (M ). During the ensuing response epoch (RM,P for MemoryPro, RM,A80

for MemoryAnti), there is still no stimulus presentation and the learner must produce a response81

based on the memorized ✓: � = ✓ (RM,P ) or � = ✓ + ⇡ (RM,A).82

Decision making tasks (DMPro, DMAnti). After F , a decision stimuli epoch (SDM ) presents two83

stimuli simultaneously. ✓ = 0 with strength � in input dims 1, 2 and ✓ = ⇡ with strength �
0 in input84

dims 3, 4. The strengths (�, �0) are determined from a set of pairs by x and scale the input channels.85

During the ensuing response epoch (RDM,P for DMPro, RDM,A for DMAnti), the stimuli persist and86

the required output � is the direction of the stimulus with a higher strength (RDM,P ) or the one with87

a lower strength (RDM,A).88

The epoch structure of the different tasks is encoded via⇤⇤⇤c. Altogether, the 6 tasks can be described as89

compositions using a shared pool of 10 epochs. Given the epoch identity, the conditional distributions90

of the inputs and responses are generated as follows:91
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92
epoch s̄ssz,x ȳyyz,x

F , M [0, 0, 0, 0, 0] [0, 0, 0]
S [cos ✓, sin ✓, 0, 0, 0] [0, 0, 0]
RP [cos ✓, sin ✓, 0, 0, 1] [cos ✓, sin ✓, 1]
RA [cos ✓, sin ✓, 0, 0, 1] [cos(✓ + ⇡), sin(✓ + ⇡), 1]
RM,P [0, 0, 0, 0, 1] [cos ✓, sin ✓, 1]
RM,A [0, 0, 0, 0, 1] [cos(✓ + ⇡), sin(✓ + ⇡), 1]
SDM [� cos ✓, � sin ✓, �0 cos ✓0, �0 sin ✓0, 1] [1, 0, 0]
RDM,P [� cos ✓, � sin ✓, �0 cos ✓0, �0 sin ✓0, 1] [cos�, sin�, 1], where � = 111�>�0✓ +111�0>�✓

0

RDM,A [� cos ✓, � sin ✓, �0 cos ✓0, �0 sin ✓0, 1] [cos�, sin�, 1], where � = 111�<�0✓ +111�0<�✓
0

93

Where 111 is an indicator that takes on value 1 if the subscript is true and 0 otherwise. This fully94

specifies the conditional distributions p(qqqt|zt, x) for each task epoch with q̄qqz,x = [s̄ssz,x, ȳyyz,x]. For95

the DM tasks, we restrict the stimulus values to two locations ✓ = 0, ✓0 = ⇡, but pick Nx = 896

different combinations of possible (�, �0) pairs. Note that while we generate the input and response97

distributions using stimulus values ✓ to follow convention from the literature [11, 14], each value of ✓98

(or (�, �0) in the DM tasks) maps onto a different x value. For � we used 0.05; for (�, �0), x selects99

from [0.5, 1], [1, 2], [0.5, 2], [0.2, 1.5], [1, 0.5], [2, 1], [2, 0.5], [1.5, 0.2].100

Note that while we have followed many conventions from previous work in the task design, these101

previous approaches tend to implement each task individually but with related distributional assump-102

tions [11, 13, 14, 16]. Modeling shared structure across tasks through an explicit, shared generative103

framework for an entire task family is novel. While this was not the focus of the main paper, it is104

worth noting that access to a description of shared statistical structure in the input and target response105

pairs of each task forms an important baseline for expectations of shared statistical structure across106

tasks in the solution emerging after RNN training [11, 13–15].107

B Online learning and inference of compositional task structures108

All algorithms discussed here are implemented in the code repository under task_model.py.109

B.1 Online learning and inference110

In this section, we provide additional details on the algorithms developed for performing posterior111

inference over the latent variables of the task model, and online (one-trial-at-a-time) learning of the112

task model.113

Inference. We can perform exact inference by utilizing a message passing scheme similar to that114

used for performing inference in classic HMM models.115

Let ↵r
t (z, x, c) = p(qqqr1:t, z

r
t = z|xr = x, cr = c) denote the forward (filtering) message for a given116

task. During a filtering pass, we compute117

↵
r
1(z, x, c) = p(zr1 = z|cr = c)p(qqqr1|zr1 = z, xr = x) (7)

↵
r
t+1(z, x, c) =

 
NzX

z0=1

↵
r
t (z

0
, x, c)p(zrt+1 = z|zrt = z

0
, cr = c)

!
p(qqqrt+1|zrt+1 = z, xr = x) (8)

Marginalizing the forward message at the final time-step allows us to compute the marginal likelihood118

over observations119

p(qqqr1:T |xr = x, cr = c) =
NzX

z=1

↵
r
T (z, x, c) (9)

(10)
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Let �r
t (z, x, c) = p(qqqr(t+1):T |zrt = z, xr = x, cr = c) denote the backwards (smoothing) message.120

During the smoothing pass, we compute121

�
r
T (z, x, c) = 1 (11)

�
r
t (z, x, c) =

NzX

z0=1

p(zrt+1 = z
0|zrt = z, cr = c)p(qqqrt+1|zrt+1 = z

0
, xr = x)�r

t+1(z
0
, x, c) (12)

Given these quantifies, we can compute the joint posterior over zrt , xr and cr as122

�
r
t (z, x, c) = p(zrt = z, xr = x, cr = c|qqqr1:T ) (13)

=
p(qqqr1:t, z

r
t = z|xr = x, cr = c)p(qqqr(t+1):T |zrt = z, xr = x, cr = c)p(xr = x, cr = c)

P
x,c p(qqq

r
1:T |xr = x, cr = c)p(xr = x, cr = c)

(14)

=
↵
r
t (z, x, c)�

r
t (z, x, c)p(xr = x, cr = c)

P
x,c

PNz

z0=1 ↵
r
T (z

0, x, c)p(xr = x, cr = c)
(15)

Note that the filtering and smoothing passes can be done for each value of x and c in parallel. Finally,123

for later use in the online learning algorithm we also compute the joint posterior over zrt�1, zrt , xr124

and cr as125

⇠
r
t (z, z

0
, x, c) = p(zrt�1 = z, z

r
t = z

0
, xr = x, cr = c|qqqr1:T ) (16)

=
↵
r
t�1(z, x, c)p(z

r
t = z

0|zrt�1 = z, cr = c)p(qqqrt |zrt = z
0
, xr = x)�r

t (z
0
, x, c)p(xr = x, cr = c)P

x,c p(qqq
r
1:T |xr = x, cr = c)p(xr = x, cr = c)

(17)

Online learning. Learning aims to recover parameters of the generative model,126

({q̄qqz,x}z=1,...,Nz ;x=1,...,Nx , {(⇤⇤⇤c
,⇧⇧⇧c)}c=1,...,Nc), up to a permutation over z and x. Perform-127

ing parameter learning with EM requires computing the expected counts of visiting particular epochs128

or transitioning across epochs across all trials. When all trials are available as a batch, this involves129

sums over the quantities computed during inference for each trial. To make notation more compact,130

we denote X as the set of sufficient statistics needed to update the set of model parameters ✓. Let131

✓
(i,k) denote the learned parameters after seeing the i-th trial and running k EM iterations. Let132

X
r,(i,k) denote the single-trial statistics on trial r, computed using parameters ✓

(i,k). When the133

learning algorithm has access to all trials throughout learning (batch EM), the updates take the form134

✓
(i,k+1) = f(S(i,k)(X)) S

(i,k)(X) =
iX

r=1

X
r,(i,k)

. (18)

For example, for the parameter estimates for the transition matrix, this takes the form135

⇤i,k+1
czz0 =

PT
t=1

PNx

x=1 ⌅
i,k
cxzz0(t)

PT
t=1

PNx

x=1

PNz

z00=1 ⌅
i,k
cxz00z0(t)

. (19)

with136

⌅i,k
cxzz0(t) =

iX

r=1

p
�
cr = c, xr = x, z

r
t�1 = z, z

r
t = z

0|qqqr1:T ; ✓k
�
. (20)

In general, the batch EM parameter updates take well-known forms for HMMs and GMM-HMMs,137

which is why we only give an example here in the interest of brevity.138

When trials are only available one-trial-at-a-time and cannot be revisited (online EM), the sums of139

expected sufficient statistics across trials have to be approximated and updated after each trial instead,140

leading to an approximation to the batch updates. We propose the following update rule to perform141

parameter learning online142

✓
(i,k+1) = (1� ⌘params)✓

(i�1,K) + ⌘paramsf(S
(i,k)
online(X)). (21)

S
(i,k+1)
online (X) = (1� ⌘stats)S

(i�1,K)
online (X) +X

i,(i,k)
. (22)
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trial index trial index

Figure S.1: Online continual learning of task structures with some example task orderings. See Fig.2
for legends.

where K denotes the number of iterations per trial. After learning the i-th trial, we only need to store143

✓
(i,K) and S

(i,K)
online(X), taking the form144

✓
(i,K) =

iX

r

(1� ⌘params)
i�r

⌘paramsf(S
(r,K)
online(X)) + (1� ⌘params)

i+1
✓init. (23)

S
(i,K)
online(X) =

iX

r

(1� ⌘stats)
i�r

X
r,(r,K)

. (24)

We summarize this online learning approach in Algorithm 1 and show performance for different145

training orders (supplementing Figure 2 in the main paper) in Figure S.1.146

Algorithm 1 High-level Overview of the Incremental EM algorithm.
✓  init. . Initialize parameter estimates.
S(X) 0 . These are the estimated sums of sufficient statistics across trials
for r = 1, ..., Ntrials do

✓  incremental_initialize(✓, qr1:Tr
, cr) . See B.2.

✓̂  ✓ . Create a temporary copy of the parameters
Ŝ(X) None
for k = 1, ...,K do

X  getstats(qqqr1:Tr
, cr, ✓̂) . Compute sufficient statistics of this trial with current

params.
Ŝ(X) (1� ⌘stats)S(X) +X . Decay the sums from the previous trial and add new

stats
✓̂  ✓ � (1� ⌘paramsMgate) + ⌘paramsf(Ŝ(X))�Mgate . Incremental

update of params. using the modified sums. Mgate is a binary mask controlling which parameters
are updated (see B.3).

end for

✓  ✓̂

S(X) Ŝ(X)
end for

B.2 Incremental initialization of model parameters147

Even for simple models such as the Gaussian Mixture Model, EM is susceptible to local optima [45].148

To avoid convergence to bad local optima, it is important to obtain good initializations for the model149

parameters. For simple time-series models such as the HMM, this is typically achieved by collapsing150

the sequences across time, performing clustering (e.g. with K-means [46]), and using the resulting151

cluster centers as the initial observation-model parameters, given each latent discrete state.152

In our model, we need to initialize the underlying cluster centers of the observation model,153

{q̂qqz,x}z=1,...,N̂z,x=1,...,Nx
. Here, N̂z reflects the fact that the total number of epochs in the en-154

tire dataset is unknown a priori. We overcome this by setting up a large number of ‘slots’ (N̂z � Nz),155
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exceeding the likely total number of epochs in the task family. Our setting adds two significant156

challenges relative to simple HMMs: First, each trial contains only a few epochs and a specific157

stimulus condition (x value). Therefore, clustering each trial can only initialize a small subset of the158

NxNz mixture components of the observation model. Second, since there is one stimulus condition159

x per trial, the mixture components q̄qqz,x explaining a given trial must be allocated to the same x,160

but different epoch states z. Initialization schemes based on simple clustering approaches on the161

entire trial (such as that outlined for HMMs above) would be agnostic to this structure and fail to162

provide a feasible initial set of parameters. To overcome these issues, we introduce an ‘incremental163

initialization’ scheme, which is applied to all the estimated means {q̂qqz,x} before learning each trial.164

To introduce the scheme, we first introduce the notion of the putative z, x, denoted z̃, x̃. This is to165

highlight that learning the correct {q̄z,x} does not require inferring the real z, x in the generative166

process but only requires them to be correct up to a permutation. Let Ñz, Ñc denote the number of167

epochs and task slots in the learning algorithm, respectively. Note that these do not need to be set168

as the correct Nz, Nc – they can simply be large integers. We do assume that the system knows the169

correct number of x values, Nx. The learner keeps track of {q̂qqz̃,x̃}z̃=1,...,Ñz,x̃=1,...,Ñx
as well as two170

Boolean-valued tables, Fc,x of size Ñc ⇥Nx and Fx,z of size Ñx ⇥ Ñz . The two tables keep track171

of which combinations of c, x̃ and x̃, z̃ have been encountered.172

When the rth trial is observed and the learner has access to (qqqr1:Tr
, cr), the scheme is threefold:173

1. We perform K-means clustering on the entire sequence qqqr1:Tr
. This gives us a set of cluster174

means. Since we assume the epochs to have piecewise constant inputs and mild noise, the175

means correspond to the different epochs that appeared in this trial. The challenge now is to176

assign z̃, x̃ to these means, and to use them to initialize q̂qqz̃,x̃ accordingly.177

2. All cluster means from step (1) should be assigned the same x̃r. We check the means against178

{q̂qqz̃,x̃} and decide on x̃r according to a set of rules and Fc,x. The cr, x̃r pair is marked179

‘encountered’ in Fc,x.180

3. Given x̃r from step (2), we treat the cluster means not found in {q̂qqz̃,x̃}x̃=x̃r as unfamiliar181

z̃, x̃, meaning that they represent previously unseen z̃, x̃ combinations and should be used182

to initialize. Each center is assigned a different z̃ that has not been encountered (according183

to Fx,z). The z̃, x̃r pairs are marked as ‘encountered’ in Fx,z .184

B.3 Gated updates to parameters185

Since each trial contains information about only one task and the few epochs it is associated with, it186

does not make sense to update parameters related to other tasks and epochs. For ⇤⇤⇤c, we simply gate187

it such that only the transition matrix corresponding to the current task (the label of which is given) is188

updated. For {q̂qqz,x}, we infer which epochs appeared in this trial using the posterior p(zr1:T |qqqr1:T ).189

Only epochs with a sufficiently high chance of appearance have their {q̂qqz,x} updated.190

B.4 Epoch identifiability in our set of tasks191

For the particular set of tasks we considered, since F,M epochs have identical q̄qqz,x for all x, they192

are indistinguishable. Thus, our learning algorithm will combine them into a single epoch, which193

we denote as F/M . Instead of learning the 10 epochs in the generative process for our set of tasks,194

the task-model will end up learning 9 epochs, including the combined F/M epoch. In terms of the195

transition matrices, this creates a complication for MemoryPro, MemoryAnti tasks where both F196

and M epochs appear in each trial. The learned transitions will not be deterministic in the sense that197

the F/M epoch may transition to either the stimulus epoch or the response epoch. The ‘ground-truth’198

parameters used for plotting in Fig. 2 and Fig. S.1 refer to the optimal parameters with a merged F/M199

epoch. In future work, it will be interesting to investigate how epochs that are computationally distinct200

(e.g. holding still in F vs. holding still while maintaining a memory in M ) but map onto the same201

observations may be distinguished, e.g. via feedback from the downstream network implementing202

the different computations for each epoch.203
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C RNN architecture and hyperparameter settings204

C.1 Default RNN architecture and task parameters205

Parameter Value

↵ 0.1

�r 0.05

� ReLU

number of hidden units 256

rank of Uz, Vz 3

input noise std
p
2/↵ �in, where �in = 0.01

minimum duration of a epoch 5 time steps

p(zt+1 = zt|c) 0.9

206

C.2 Default training protocol207

We used a batch size of 256 and trained each task for 1000 batches unless otherwise specified.208

For the context-modulated RNN, the learning rate for the weights associated with each context z was209

initially set to ⌘z = 0.001. After training each task c, ⌘z was multiplied by a decay factor � = 0.5 for210

any context with p(z | c) > 0.001. During training on task c, L2 weight regularization was applied211

with a coefficient of 10�5 for contexts with p(z | c) > 0.001, and set to 0 for all other contexts.212

For baseline algorithms using standard (“vanilla”) RNN architectures, the learning rate was set to 0.01,213

and the L2 weight regularization coefficient was set to 10�5. Parameter choices were determined by214

a coarse grid search.215

C.3 Loss function and performance measure216

The loss function is a weighted mean square error similar to [11, 14]. L := hmi,t(yi,t � ŷi,t)2ii,t,217

where i is the index of the output units, mi,t = 1 for response epochs and mi,t = 0.2 for all other218

epochs.219

A trial is considered correct if the network maintained fixation for all time steps before the fixation220

cue turns off, and responded to the correct direction for time steps in the response epoch. If the221

activity of the fixation output exceeds 0.5, the network is considered to have broken fixation. The222

network’s response direction is considered correct if its angular difference from the target direction is223

less than ⇡/10. Average performance and test loss were calculated on 200 test trials for each task.224

D Supplementary results225

D.1 Additional results on transfer learning226

We provide additional results on transfer learning. Figure S.2 and Figure S.3 supplement Figure 5a227

and b, respectively, by showing results for all task pairs. Figure S.4 shows the lack of backward228

transfer when training with the OWP algorithm [13], where the test loss of previously learned tasks229

did not decrease when training on subsequent tasks with overlapping epochs.230

D.2 Results with other hyperparameter choices231

We observed improved performance of our continual learning algorithm as we increased the rank232

of Uz and Vz (denoted by r) (Figure S.5a,b, compared with Figure 4f). Using r = 3, 5, and 10 in233

ContextRNN results in 34587, 43803, and 66843 trainable parameters, respectively — all fewer234

than the 69379 parameters of a general RNN with the same number of hidden units. With r = 3,235

ContextRNN performed worse with tanh than with ReLU activation, but this gap was closed at r = 10236
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Figure S.2: Additional results on forward transfer. Colored curves show the log test loss of task B
(indicated by the row label) when trained after task A (column label). For comparison, black curves
in each row show the log test loss of task B when trained from scratch. We plot results across three
random seeds for each task order.

(Figure S.5c, d). Similarly, performance with r = 3 and ↵ = 0.2 was worse than with ↵ = 0.1, but237

this gap was also closed at r = 10 (Figure S.5e, f).238

E Other continual learning approaches239

E.1 Elastic Weight Consolidation240

Elastic Weight Consolidation (EWC) [30], slows down learning rates for network weights deemed241

important for previous tasks. This is achieved by adding a regularization term to the training loss242

function. For a loss L(✓), the EWC objective is given as243

LEWC(✓) = L(✓) + �

2

X

i

Fi(✓i � ✓
⇤
i )

2 (25)

Here Fi is an importance weight that ties the ith parameter value ✓i to it’s value ✓
⇤
i at the end of244

training on the previous task. The important weights are computed as the diagonal of the Fisher245

Information matrix F evaluated at the parameter values ✓⇤i . In Figure 4b, � was determined by a246

coarse grid search and set to 105.247

E.2 Orthogonal Weight Projection248

The original learning rule in Duncker et al. [13] was derived for a parameterization of network249

dynamics of the form250

ẋxx = �xxx+ �
�
WWW

rec
xxx+WWW

in
sss
�

(26)
given an element-wise activation function �(·). The learning rule was intended to maintain the251

stimulus/response relationship of previous task by applying a set of projection matrices to the gradient252

used to update the network weights over learning. The projection matrices were intended to remove253
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Figure S.3: Additional results on backward transfer. The log test loss of the previously trained task
A (indicated by the row label) continue to decrease during subsequent training on another task B
(column label). Each task is trained with 2560 trials and we plot results across three random seeds for
each task order.

0 10 20 30
trials (x 256)

−2

−1

0

lo
g 

te
st

 lo
ss

0 10 20 30
trials (x 256)

0 10 20 30
trials (x 256)

0 10 20 30
trials (x 256)

0 10 20
trials (x 256)

−2

−1

0

lo
g 

te
st

 lo
ss

DelayPro DelayAnti

0 10 20
trials (x 256)

DelayPro MemoryPro

0 10 20
trials (x 256)

MemoryPro MemoryAnti

0 10 20
trials (x 256)

DMPro DelayPro

lo
g 

te
st

 lo
ss

a

b

Figure S.4: No backward transfer with OWP. a: The log test loss during sequential training of two
tasks with the OWP algorithm, each tasks is trained for 2560 trials. The loss of the previous tasks
does not decrease after switching to a new task, indicating no backward transfer. Results are shown
for three random seeds per task order. b: same as a but with each task trained for 3840 trials.
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Figure S.5: Continual learning performance with different hyperparameter choices. a: Color-coded
test performance during sequential training of four different task orders. Each row color-codes the
average test performance across five random seeds of a specific task over training. RNNs used for this
panel have ↵ = 0.1, r = 5,� = ReLU. b-f: same as a but with a different hyperparameter choice
labeled by the title.

directions from the weight update that would interfere with previous tasks and were defined as follows.254

Letting zzz
c,r
t =


xxx
c,r
t

sss
c,r
t

�
denote the concatenated network state and input state at time t of trial r on255

task c, ZZZ1:c = [zzz1,11 , . . . zzz
c,r
T ] the collection of all time points and trials on tasks 1 through c, and256

WWW = [WWW rec
WWW

in] the concatenated weight matrices, we define the projection matrices257

PPP
1:c
1 =

✓
1

�
ZZZ1:cZZZ

T
1:c + I

◆�1

(27)

PPP
1:c
2 =

✓
1

�
WWWZZZ1:cZZZ

T
1:cWWW

T + I

◆�1

(28)

and the modified learning update as258

�W
CL / PPP

1:c
2 rWWWL PPP

1:c
1 (29)

where rWWWL is the derivative of the loss on the new task with respect to the network weights. An259

analogous set of projection matrices and modified learning update is used for the readout weights.260

To facilitate direct comparisons with our approach, we adapted the learning rule to a modified setting,261

where the RNN dynamics are expressed as262

ḣhh = �hhh+WWW
rec
�(hhh) +WWW

in
sss (30)
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given the same element-wise activation function �(·). While the two parameterizations in (26) and263

(30) are generally considered equivalent [47], the linear intuition used to motivate the approach of264

[13] should be exact in (30). With xxxt = �(hhht), ZZZ1:c is unchanged, but we instead use265

PPP
1:c
2 =

✓
1

�
HHH1:cHHH

T
1:c + I

◆�1

(31)

where HHH1:c = [hhh1,1
1 , . . .hhh

c,r
T ]. While this is very similar to the version in Duncker et al. [13], the266

projections matrix now only depends implicitly on the WWW of previous tasks. We performed all267

comparisons using this modified learning rule.268

F Code repository269

We have uploaded an anonymized code repository with all code used for training and some examples270

at https://anonymous.4open.science/r/context_inference_rnn-8176.271
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