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 10 

Value computation is fundamental to the survival of animals. Classical models suggest value is 11 

stored in synaptic weight through plasticity whereas more recent theories propose that recurrent 12 

network dynamics can encode and update value independently of synaptic change. Although these 13 

two mechanisms are not mutually exclusive, the condition under which each dominates remain 14 

unclear. Here we show that environmental stability determines the neural mechanism underlying 15 

value updating. In stable environments, mice rely on synaptic plasticity in the basolateral amygdala 16 

(BLA), supporting value memory that persists for over a week. In contrast, in dynamic 17 

environments, mice gradually transition to a recurrent dynamics-based value update, with value 18 

memory degrading after ~2 minutes. A recurrent neural network (RNN) endowed with 19 

online weight updating recapitulates experimental data, exhibiting a transition from plasticity to 20 

dynamics-based value computation. Synaptic plasticity blockade in the BLA impaired initial value 21 

updating in the stable environment but not expert value updating in the dynamic environment, 22 

consistent with the RNN model. Furthermore, electrophysiological recordings and 23 

optogenetic inactivation reveal that BLA encodes both stable and dynamic value and is required 24 

for performing in both environments. Lastly, the transition from plasticity to dynamics-25 

based value computation allowed both RNNs and mice to use task knowledge to infer value, 26 

allowing value updating without direct experience. Overall, our work provides a new framework 27 

to understand value computation in the brain and suggests that meta-learning may emerge via a 28 

transition from plasticity to dynamics-based value computation. 29 



 30 

Main 31 

Animals must continually estimate the value of sensory cues and actions to guide adaptive 32 

behavior. Reinforcement learning1,2 provides an algorithmic framework for this process, but the 33 

neural mechanisms by which value is learned, updated and stored remain unclear. Classical 34 

theories emphasize synaptic plasticity, proposing that changes in synaptic strength store long-term 35 

value memories3–11. Indeed, plasticity in circuits such as the amygdala and striatum has been linked 36 

to the formation of stable appetitive and aversive associations. More recent theoretical work, 37 

however, suggests that value can also be computed through recurrent network dynamics without 38 

requiring ongoing synaptic change12–16. Recurrent neural networks trained across tasks can update 39 

value with fixed weights, and persistent activity in frontal circuits has been reported to encode 40 

value in behaving animals15,17,18. Both mechanisms can support value-based learning, and 41 

behavioral performance alone often cannot distinguish them. Moreover, synaptic and dynamics-42 

based mechanisms are not mutually exclusive, making the task of teasing apart these two models 43 

difficult. To overcome this challenge and begin to study how whether both mechanism exist and 44 

how these two mechanisms might interact, we developed two classical conditioning paradigms 45 

that differed only in the volatility of outcome. Using behavior, electrophysiology and 46 

computational modeling, we show that environmental volatility determines whether value is 47 

computed primarily through synaptic plasticity or recurrent dynamics. 48 

 49 

Time scale of value update/decay in stable vs dynamic task 50 

We trained mice to perform a head-fixed classical conditioning task in which an odor cue (A or B) 51 

was followed by either a water reward or no reward (Fig. 1a). We used two versions of the task. 52 

In the stable task, the reward contingency was fixed, and mice had to initially learn fixed stable 53 

value and maintain the value memory in the subsequent sessions (Fig. 1b, top). In the dynamic 54 

task, reward contingency flipped every session with the reversal happening in the middle of the 55 

session (Fig. 1b, bottom). Each session started with the reward contingency from the previous 56 

session so that mice had an incentive to remember previously learned value. We used anticipatory 57 

licking during the odor period as a proxy for value, which was used to quantify performance on 58 

both tasks. In the stable task, mice quickly learned to lick to the CS+ odor relative to the CS- odor 59 

from day 1 of training, reaching expert performance by day 3 (Fig. 1c, Extended Data Fig. 1a, c). 60 



In the dynamic task, mice gradually improved their performance over 12 days of training, after 61 

which expert mice could discriminate CS+ and CS- both before reversal (block 1) and after reversal 62 

(block 2) (Fig. 1d, Extended Data Fig. 1b, c). We quantified the ability to discriminate CS+ and 63 

CS- by computing the area under the receiver operating characteristic curve (AUROC). AUROC 64 

for expert mice was higher compared to naïve mice in both stable and dynamic task, achieving 65 

comparable performance (Fig. 1e).   66 

 To better understand how value updating at the beginning of the stable task and late stage 67 

of the dynamic task might differ, we first quantified the learning curve for CS+ or CS- lick rate in 68 

either stable or dynamic task (Fig. 1f). For the stable task, we plotted the CS+/CS- lick rate on the 69 

1st day of the stable task or the 1st reversal session (1st dynamic task after being trained on the 70 

stable task). This was compared to the CS+/CS- lick rate aligned to the reversal onset in expert 71 

mice in the dynamic task. For both positive value update (+Δvalue) and negative value update (–72 

Δvalue), learning rate was much faster in the dynamic vs stable task for both positive update 73 

(τstable=80.5 trials; τdynamic=2.4 trials) and negative update (τstable=52.3 trials; τdynamic=8.1 trials). 74 

Overall, these suggest that as mice transition from stable to dynamic environment, the timescale 75 

of value update, as measured by conditioned response (e.g. anticipatory licking), gets faster by an 76 

order of magnitude. 77 

 One interesting possibility is that mice transition from a plasticity to a dynamics-based 78 

value update strategy as they move from the stable to dynamic environment. Dynamics-based 79 

value update requires mice to maintain information about value via persistent activity, which might 80 

be prone to temporal degradation akin to working memory19–21. We thus reasoned that value 81 

memory might be degrading at a distinct timescale in the stable vs dynamic tasks. To test this 82 

hypothesis, we first quantified how fast value memory degrades over time in the stable or dynamic 83 

task. In both tasks, the reward contingency is equivalent to that of the previous session (Fig. 1g). 84 

Thus, we can ask if mice correctly discriminate CS+ and CS- on the very first trial at the beginning 85 

of each session. Mice were fully trained on either the stable task (5 days of training) or dynamic 86 

task (12 days of training) and then tested for value memory by quantifying the CS+ and CS- licks 87 

on the first trial for each cue. In the stable task, mice performed correctly from the first trial by 88 

licking to the first CS+ and not the CS- (Fig. 1g, stable task). However, in the dynamic task, mice 89 

started the session by licking to both CS+ and CS- even though they were discriminating CS+ and 90 

CS- in the last few trials of the previous session (Fig. 1g, dynamic task). Mice quickly learned to 91 



suppress licking to the CS-, allowing them to still maintain high discriminability between CS+ and 92 

CS- throughout the block (Extended Data Fig. 1d). To quantify this forgetting effect more 93 

systematically, we computed a discrimination index for each session, with index=1 being perfect 94 

discrimination between first CS+ and first CS-, index=0 being no discrimination, and index=-1 95 

being the flipped discrimination (see Methods). We also varied the duration of the break for the 96 

stable task by pausing behavioral training for up to 8 days. In the stable task, the discrimination 97 

index was close to 1 even with 8 days of break whereas in the dynamic task, the index was close 98 

to zero for 1 day break (Fig. 1h). Overall these results suggest that value memory in the stable task 99 

persists over 8 days, whereas value memory degrades to chance level after 1 day in the dynamic 100 

task. 101 

 To better quantify the timescale at which dynamic value memory degrades, we introduced 102 

an inter-trial interval (ITI) that was longer than the average duration that mice were initially trained 103 

on (ITI=37.5~300 sec) mid-session in either stable or dynamic task (two long ITI trials per session) 104 

(Fig. 1i, left). The long ITI caused a similar phenotype: value memory decayed to chance level in 105 

the dynamic task after 300 seconds but not in the stable task (Fig. 1i, right, Extended Data Fig. 106 

1e). The discrimination index was significantly lower for dynamic vs stable tasks for duration=150 107 

and 300 seconds. As an alternative method to measure value, we expressed a dopamine sensor 108 

(GRABDA3m) in the ventral striatum and quantified the dopamine cue response as a proxy for value 109 

(Extended Data Fig. 1f-h). Discrimination index for dopamine response was similar to the 110 

discrimination index for the CS lick rate, suggesting that both behavioral and neural readout of 111 

value display a similar forgetting timescale that depends on the environmental volatility.  112 

 113 

RNN model with continual plasticity 114 

The above results suggested that mice might initially store value information in synaptic weights 115 

when the environment is stable, but repeated exposure to value reversals might cause a transition 116 

from plasticity-based value update to dynamics-based value update, allowing faster value update 117 

at the expense of being more forgetful. To better understand how this transition might occur 118 

mechanistically, we took a computational modelling approach. Previous works using the temporal 119 

difference (TD) learning algorithm have been successful at explaining various features of 120 

dopamine responses and value learning4,22–24. However, most previous applications of TD to 121 

animal learning a priori assumed a specific state representation that is fixed and thus does not 122 



model the emergence of state representation itself. On the other hand, previous works have shown 123 

that value RNNs trained to minimize a TD error can create useful representations (e.g. beliefs 124 

about hidden states) mirroring activity seen in actual neural recordings14,15,25,26. However, 125 

traditional methods of training RNNs use an offline learning method12,14,15,25–27, implying that 126 

plasticity cannot play a causal role for updating value online by design, unlike TD. Thus, to create 127 

a biologically realistic model of learning that is both agnostic about task space but also display 128 

online weight update, we trained RNNs using a learning rule that uses truncated backpropagation 129 

through time (TBPTT)28,29 (Fig. 2a, see Methods). At every timestep, weights are updated based 130 

on inputs W time steps in the past. Unlike traditional methods of training RNNs, weights in the 131 

RNN were never frozen, allowing natural interaction between recurrent dynamics and plasticity. 132 

The TBPTT learning rule is mathematically equivalent to TD under certain conditions, suggesting 133 

TBPTT is a natural extension of TD (see Supplementary Note). 134 

 We trained RNNs on either the stable task or dynamic task (Fig. 2b-c, Extended Data Fig. 135 

2a-c-d; see Methods). Value readout of RNNs could reliably discriminate between cue A and cue 136 

B (Fig. 2b). Interestingly, in the dynamic task, the learning rate for updating value displayed an 137 

abrupt transition from a slow update regime to a fast update regime (Fig. 2b, right). We quantified 138 

the learning rate for positive or negative value update in the stable and dynamic tasks (Fig. 2c). 139 

Similar to the mouse behavioral data (Fig. 1f), RNNs displayed faster value update in dynamic 140 

compared to the first reversal in the stable task (Fig. 2c). To better understand the mechanisms 141 

driving value update in these two conditions, we manipulated plasticity in the RNNs by setting the 142 

learning rate to zero in either stable or dynamic task (Fig. 2d, see Methods). Without plasticity, 143 

RNNs were completely impaired at updating value in the stable task, whereas RNNs were still able 144 

to update value in the dynamic task (Fig. 2d, right). We quantified the AUROC between value 145 

readout of CS+ and CS- in RNNs trained on either stable or dynamic task with plasticity (Δw≠0) 146 

or without plasticity (Δw=0) (Fig. 2e). Plasticity manipulation decreased AUROC for CS+/CS- in 147 

the stable task but not in the dynamic task. Overall, these findings suggest that RNNs with online 148 

weight updating use plasticity to initially learn value in the stable task, but transition to a plasticity-149 

independent mechanism in the dynamic task. 150 

 What could be the mechanism driving value updating in the dynamic task? To answer this 151 

question, we applied principal component analysis (PCA) to the activity in the RNNs (see Methods) 152 

and plotted the neural-state space trajectories in the PCA+value readout space for stable or 153 



dynamic task (Fig. 2f, g). In the stable task, neural trajectories for CS+ gradually changed so that 154 

the location of the cue (green point) moved upwards towards higher value, representing plasticity-155 

driven value updating (cue A, Fig. 2f). In the dynamic task, neural trajectories for an expert RNN 156 

were segregated by cue type and block type, with PC1 encoding cue type and PC2 encoding block 157 

type (Fig. 2g, left). Context information about the block identity could potentially be used in the 158 

RNN to decode value information for each block (Fig. 2g, right). To see if the contextual 159 

information present in the RNN activity was driving value computation in the RNNs, we computed 160 

the context axis, which was defined as the linear discriminant axis that could best separate context 161 

information in an expert RNN (see Methods). We then projected the hidden units’ activity during 162 

the ITI onto the context axis (contextproj), and plotted it along the value readout for cue A and cue 163 

B (Fig. 2h). When value was updated slowly during the initial phase of learning, contextproj did 164 

not discriminate block type very well. However, as the RNN transitioned into a faster value update 165 

regime, contextproj started to discriminate block identity. We quantified the Spearman correlation 166 

between the difference in value (value diff.) between the last cue A and cue B, and contextproj in 167 

either naïve or expert RNN (Fig. 2i). The correlation increased in expert RNNs compared to naïve 168 

RNNs (Fig. 2j, left). Furthermore, AUROC for contextproj in context A or B increased in expert 169 

mice, suggesting that context information became more discrete and separable, and indicating the 170 

emergence of fixed points corresponding to each context. Overall, these results suggest that in the 171 

dynamic task, two fixed points encoding context information gradually emerge and are used to 172 

compute value.  173 

 Lastly, we simulated the effect of introducing the long ITI during the stable or dynamic 174 

task. Given that context information encoded in the hidden units’ activity is important for 175 

computing value in the dynamic task, we reasoned that a long ITI might cause a drift in the activity 176 

in the RNN, causing an ITI duration-dependent change in value discrimination. Consistent with 177 

this prediction, a long ITI caused a change in contextproj and a subsequent change in value readout 178 

in the RNN (Fig. 2k). We quantified the discrimination index similarly to experimental data in 179 

Fig. 1h, j. We found that a long ITI perturbation caused a duration-dependent change in 180 

discrimination index only in the dynamic task, recapitulating experimental data (Fig. 2l). This 181 

effect could be explained by the magnitude of the drift along the context axis, with larger drift 182 

causing a larger change in value difference (Fig. 2m). Overall, these results suggest that contextual 183 



information is prone to temporal degradation, thus causing a temporal degradation of value 184 

memory in the dynamic task. 185 

 186 

The role of plasticity and activity in the BLA 187 

Computational modelling with RNNs suggested that a transition from plasticity to dynamics-based 188 

value update could explain the experimental data. This implies that blocking synaptic plasticity in 189 

the region of the brain responsible for value updating should impair performance in the stable task 190 

on day 1, but not performance in the dynamic task after being fully trained. We tested this 191 

prediction by targeting the BLA, a brain region that has been previously shown to undergo synaptic 192 

plasticity in both appetitive and aversive tasks as well as showing activity correlated with 193 

conditioned responding3,6,30–33. To block synaptic plasticity acutely, we injected a CaMKII blocker 194 

(KN-93) locally in the BLA and tested the performance on either the day1 of stable task or on 195 

expert stage of the dynamic task (Fig. 3a, Extended Data Fig. 1a-e). KN-93 has been shown to 196 

effectively block synaptic plasticity in slice, and local infusion in vivo has been shown to cause 197 

behavioral effect consistent with an impairment of synaptic plasticity7,34–37. KN-93 infusion in the 198 

BLA significantly decreased AUROC between CS+ and CS- licks in the stable task compared to 199 

saline infusion (Fig. 3b, left). The same manipulation had no effect in the dynamic task (Fig. 3b, 200 

right). These results suggest that BLA plasticity is necessary to initially update value in the stable 201 

task, but becomes dispensable in the dynamic task. 202 

 One alternative explanation for the dissociable role of BLA plasticity in the stable vs 203 

dynamic tasks is that BLA might become disengaged in the dynamic task, with another brain 204 

region taking over the role of BLA. Thus, plasticity in another brain region other than BLA might 205 

still be responsible for updating value in the dynamic task (Extended Data Fig. 3f). This 206 

alternative model would predict that BLA activity is only necessary to perform the stable task and 207 

not the dynamic task. To test if this was true, we generated an emx1-Cre × gtACR1 mice, in which 208 

the inhibitory opsin is expressed in a Cre-dependent manner in the excitatory neurons throughout 209 

the brain including BLA. BLA specificity was achieved by implanting an optical fiber just above 210 

BLA in emx1-cre × gtACR1 mice. Mice were trained in either the stable or dynamic task, after 211 

which BLA was inactivated on 15% of all trials during the cue period for 3 seconds (Fig. 3c). 212 

Inactivating BLA neurons impaired performance in both stable and dynamic tasks, by increasing 213 

the CS- licks, resulting in poorer discrimination of CS+/CS- (Fig. 3d). These results suggest that 214 



BLA activity is still necessary for performing the dynamic task, despite plasticity becoming 215 

dispensable. 216 

 217 

Value coding in the amygdala 218 

To better understand the nature of value coding in the BLA, we performed acute high-density 219 

electrophysiological recording using Neuropixels probes in the BLA (Fig. 4a, b). We modified the 220 

original task so that both stable and dynamic value could be measured in the same recording 221 

session (Fig. 4a). The hybrid task consisted of 3 odor cues, two of which were stable odor cues 222 

(odor A=reward, odor B=no reward), and one of which was a dynamic odor cue (odor C=reward 223 

or no reward depending on block). The value of odor C changed throughout the session across 4 224 

blocks. In all sessions, reward contingency for odor C started with the same condition as the 225 

previous session to ensure continuity of value (Fig. 4a, bottom). Consistent with timescale of value 226 

memory decay described previously (Fig. 1h), mice forgot the value of odor C, as shown by always 227 

licking to the odor C at the beginning of the session (Extended Data Fig. 4) This was not present 228 

in odor B, suggesting that value memory for stable odor and dynamic odor had distinct timescale 229 

of memory decay in the hybrid task. 230 

 Analysis of recording data revealed that BLA contained both stable and dynamic value 231 

with many units encoding both (Fig. 4c). An example stable value coding (SV) unit in the BLA 232 

consistently differentiated odor A and odor B across blocks (Fig. 4c, top). An example dynamic 233 

value coding (DV) unit in the BLA responded to odor C differentially depending on its value in 234 

that block (Fig. 4c, middle). An example unit in the BLA encoded both SV and DV (SVDV, Fig. 235 

4c, bottom). Given that Neuropixels recording allowed wide sampling of brain regions surrounding 236 

BLA, we analyzed the fraction of SV, DV and SVDV units across all recorded brain regions (Fig. 237 

4d). SV, DV and SVDV units were enriched in the amygdala, especially in the BLA and BMA 238 

(BLA: SV fraction=35%, DV fraction=13%, SVDV fraction=8%; BMA: SV fraction=34%, DV 239 

fraction=9%, SVDV fraction=6%). We defined the polarity of stable value or dynamic value by 240 

whether firing rate was higher for the rewarded cue or not (see Methods). We plotted the mean 241 

firing rate across all positive SV, negative SV, positive DV or negative DV in the amygdala (Fig. 242 

4e). Interestingly, positive SV and DV units tended to fire phasically to both odors (Fig. 4e, left 243 

panels). In contrast, negative SV and DV units tended to be bidirectionally modulated relative to 244 

baseline (Fig. 4e, right panels). To see if the polarity of SV and DV was congruent in SVDV units, 245 



we plotted the SV selectivity vs DV selectivity for all SVDV units (Fig. 4f, left). Selectivity was 246 

defined as the difference in firing rate between the rewarded cue/block and non-rewarded 247 

cue/block (SV selectivity=odor A- odor B; DV selectivity=odorCreward – odorCnoreward). We found 248 

a strong positive correlation between SV selectivity and DV selectivity (Fig. 4f). The fraction of 249 

units that had congruent polarity for SV and DV was higher than units that had incongruent polarity 250 

(Fig. 4f, right). Overall, these results suggest that amygdala contains neurons that encode both SV 251 

and DV in a congruent manner, that could drive value-dependent behavior like anticipatory licking.  252 

 253 

Context coding in the amygdala 254 

BLA can compute and store stable value using plasticity (Fig. 3a, b) but requires context 255 

information to compute dynamic value (Fig. 2h-j). There are two models for how BLA could 256 

acquire dynamic value. In one scenario, dynamic value is computed outside BLA and inherited by 257 

BLA (model 1, Extended Data Fig. 5a). In another scenario, BLA locally computes dynamic 258 

value using context information within BLA (model 2, Extended Data Fig. 5a). To distinguish 259 

between these two scenarios, we looked for cells in the BLA that could differentiate block type 260 

during the ITI. To our surprise, we found many units in the BLA that contained context information 261 

during the ITI period (Fig. 5, Extended Data Fig5. b). An example unit in the BLA differentiated 262 

context by firing higher during the ITI period of non-rewarded blocks (Fig. 5a-b). This unit’s firing 263 

rate was negatively correlated with the odor C CS licks, suggesting that ITI firing rate was 264 

predictive of upcoming anticipatory licking or value for odor C (negative context unit). Out of all 265 

context units in the amygdala, we found that a large fraction of them also encoded stable and 266 

dynamic value, suggesting that context and value information might be multiplexed in the 267 

amygdala (Extended Data Fig. 5c). We analyzed all the brain region recorded and found that 268 

BLA and BMA were enriched with context coding units, with negative context units being more 269 

dominant than positive context units (BLA: 5.7%; BMA: 4.2%) (Fig. 5c). To test if the ITI firing 270 

rate was predictive of the anticipatory CS licks to odor C, we computed the Spearman’s correlation 271 

coefficient between odor C CS licks and the ITI firing rate before cue onset for each neuron (Fig. 272 

5d). Importantly, we restricted our analysis to contain only one block type to avoid circular 273 

analysis (see Methods).  We found that positive or negative context coding units had a statistically 274 

significant correlation coefficient, suggesting that the ITI activity of context units predicts 275 

upcoming behavioral choice for dynamic odor C (Fig. 5e). Lastly, given that context coding is 276 



confounded by reward rate coding in this task, we asked if ITI firing rate was updated in a manner 277 

consistent with pure context coding or pure reward rate coding. We reasoned that if context coding 278 

is prevalent, then ITI firing rate should only be updated after dynamic odor C, and not after stable 279 

odors A or B. However, if reward rate coding is prevalent, then ITI firing rate might be updated 280 

similarly to all outcomes regardless of cue type (Extended Data Fig. 5d). Context update analysis 281 

revealed that change in ITI firing rate was more consistent with context coding than reward rate 282 

coding (Fig. 5f). This was especially true for negative context units, which was the majority of the 283 

context coding units. Overall, these results suggest BLA contains context information sufficient to 284 

decode dynamic value and predict upcoming behavior.  285 

 286 

Dynamics allow value inference 287 

We have shown so far that value updating via dynamics can be fast but forgetful compared to value 288 

update via plasticity. Another advantage of using dynamics over plasticity is that dynamics-based 289 

value can generate value inference. This is because RNNs naturally learn the structure of the task 290 

(model-based) by creating fixed points corresponding to the hidden states of the task (Fig. 2). 291 

Given that in the dynamic task, there are essentially two hidden states corresponding to each block, 292 

RNNs using dynamics can exploit the fixed points dynamics to infer value for one cue without 293 

direct experience (counterfactual learning; Fig. 6a).  To test value inference, we designed a 294 

paradigm in which, after reversal, we only presented one cue type for up to 20 trials, after which 295 

we presented the opposite cue (probe cue) for the first time (Fig. 6b) An agent that understands 296 

the structure of the task might be able to infer the change in value for the probe cue, whereas an 297 

agent lacking a model of the environment might not infer any change and start from the pre-298 

reversal point. We tested this in both RNNs and mice (Fig. 6c-g, Extended Data Fig. 6a). In 299 

RNNs, value inference only emerged in expert RNNs and not naïve RNNs (Fig. 6c). This was 300 

consistent with the idea that a naïve RNN uses plasticity and thus is ‘model-free’, whereas an 301 

expert RNN that uses dynamics alone can infer value using the learned fixed points. Similarly in 302 

mice, we found that naïve mice undergoing reversal for the first time failed to infer a change in 303 

value, whereas expert mice fully trained on the dynamic task could infer a change in value (Fig. 304 

6d). This effect was consistent across many RNNs and mice and was also present in the dopamine 305 

signal in mice (Fig. 6e, f, Extended Data Fig. 6b, c). We also found that the magnitude of the 306 

inferred change in value (ΔCS licks) parametrically varied as a function of the number of opposite 307 



trials, with larger number of trials leading to bigger change in ΔCS licks (Fig. 6g). Overall, these 308 

results suggest that a transition from plasticity to dynamics-based allow agents to learn the 309 

structure (model) of the environment, allowing model-based value inference.  310 

  311 

Discussion 312 

Through combined behavioral, circuit-level, and computational approaches, we show that value 313 

computation transitions from a synaptic plasticity-based to a recurrent dynamics-based mechanism 314 

when the environment shifts from stable to dynamic. The BLA was a key node encoding both 315 

plasticity-derived stable value and recurrent activity derived dynamic value. BLA also contained 316 

context information which is necessary to compute dynamic value. Together, these findings 317 

suggest that one key factor influencing the model of value computation is value volatility  and that 318 

the brain flexibly engages distinct computational mechanisms to balance stability and flexibility 319 

in value update. 320 

Our findings align with previous studies showing that synaptic plasticity in the amygdala 321 

underlies value learning in appetitive tasks6,38,39. The amygdala encodes value-related signals 322 

across species, from rodents to humans, and may serve as a central hub for value computation6,31,40–323 
43. Although our data highlight its role in storing both stable and dynamic value information, we 324 

do not exclude contributions from other regions such as striatum, hippocampus and orbitofrontal 325 

cortex, which also exhibit long-term plasticity and abstract context coding9,44–49. Future work 326 

should determine how these regions interact and differ in their mechanisms for storing and 327 

updating value information. 328 

Computationally, our results extend prior models showing that recurrent network dynamics 329 

can encode value without synaptic change12–14,16. Whereas earlier studies typically assumed fixed 330 

synaptic weights or pre-trained networks, our model incorporates continuous online plasticity 331 

during task performance. Even when plasticity alone can support value computation, we find that 332 

recurrent dynamics come to dominate in volatile environments, allowing faster adaptation to 333 

changing contingencies. Moreover, we show that a single learning rule—truncated 334 

backpropagation through time (TBPTT)—can produce both plasticity-based and dynamics-based 335 

value updates, depending on the timescale of the learning window. Shorter windows favor value 336 

update based on plasticity, while longer windows enable meta-learning through emergent recurrent 337 

dynamics (Extended Data Fig. 2f, g). Interestingly, a single learning rule can produce both types 338 



of value update, suggesting that plasticity and recurrent dynamics based-value update represents 339 

two regimes of a single phenomenon. One interesting possibility is that distinct brain areas may 340 

implement the same underlying rule with different effective timescales, enabling diverse 341 

computational functions to emerge50–52. Midbrain and subcortical circuits may rely on shorter 342 

integration windows, whereas forebrain regions may exploit longer ones to learn abstract or 343 

temporally extended representations. 344 

Behaviorally, we demonstrate that mice exploit structural regularities in the task to infer 345 

value, consistent with prior work showing across species that animals display inference behavior 346 

and that regions like the hippocampus and OFC contribute to inference-based decision-347 

making22,23,45,47,53–56. Our findings highlight the amygdala’s contribution to context-dependent 348 

inference57, raising the question of whether contextual representations are inherited from inputs 349 

such as the ventral hippocampus or OFC, or computed locally within the amygdala. Disentangling 350 

these possibilities will be essential for understanding how inference unfolds across distributed 351 

neural circuits. 352 

Finally, our results reveal a fundamental tradeoff between stability and flexibility in value 353 

computation. Dynamics-based value representations, though transient, enable rapid adaptation to 354 

environmental change, whereas plasticity-based representations provide stable long-term storage 355 

at the cost of slower updating. We propose that the brain optimizes this tradeoff by dynamically 356 

selecting between plasticity- and dynamics-based mechanisms depending on environmental 357 

volatility. This architecture offers a computational account of meta-learning—how the brain learns 358 

to choose among distinct learning mechanisms—providing a framework for understanding value 359 

computation in a context-dependent manner. 360 
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Methods 500 

 501 

Experimental procedures 502 

Animals. A total of 48 wild type (WT) C57BL/6J mice (Jackson Laboratory, male and female) 503 

were used in the experiments. For optogenetic inhibition of BLA, we crossed a cre-dependent 504 

gtACR1 reporter mouse (JAX:033089) with emx1-Cre mice (JAX: 005628) (n=5 mice) to label 505 

the excitatory populations within BLA. We used mice heterozygous for both alleles.  506 

Animals were housed on a 12-h dark–12-h light cycle and performed the task at the same 507 

time each day (±1 h), during the dark period. Ambient temperature was kept at 75 ± 5 °F, and 508 

humidity was kept below 50%. Animals were group-housed (2–5 animals per cage) until surgery, 509 

then individually housed throughout the experiment. All procedures were performed in accordance 510 

with the US National Institutes of Health Guide for the Care and Use of Laboratory Animals and 511 

approved by the Harvard Institutional Animal Care and Use Committee. 512 

 513 

Surgeries. All surgical procedures were conducted under aseptic conditions. Mice (older than 8 514 

weeks) were anesthetized with isoflurane (3.5% for induction, followed by 1–2% for maintenance 515 

at 1 L min⁻¹). A local anesthetic (2% lidocaine) was administered subcutaneously at the incision 516 

site. Analgesia was provided with buprenorphine (0.1 mg kg⁻¹, i.p.) pre-operatively and ketoprofen 517 

(5 mg kg⁻¹, i.p.) for two days post-operatively. After leveling, cleaning, and drying the skull, a 518 

custom-made titanium head plate was attached using adhesive cement (C&B Metabond, Parkell). 519 

For all injections, the solution (virus or KN-93) was loaded into a pulled glass pipette (5-000-1001-520 

X, Drummond) backfilled with mineral oil and fitted with a plunger. A small craniotomy (<1 mm 521 

diameter) was made using a dental drill, and the pipette assembly was mounted on a stereotaxic 522 

holder, lowered to the target coordinates, and injected slowly (~100 nL min⁻¹) to minimize tissue 523 

damage (MO-10, Narishige). After each injection, the pipette was left in place for at least 5 min to 524 

allow diffusion before being raised to the next site or withdrawn from the brain. Target coordinates 525 

for the brain regions were: ventral striatum (VS): 1.0/1.5/3.8mm, BLA: -1.65/3.3/4.2mm, 526 

(anterior-posterior/medial-lateral/dorsal-ventral; coordinates are relative to bregma, and DV 527 

relative to surface of the brain). Post surgery, mice were allowed to recover for at least 2 weeks 528 

for beginning the experiment. 529 

 530 



Viruses. To record dopamine using fiber photometry, we expressed AAVs encoding the green 531 

dopamine sensor GRABDA3m (AAV-hsyn-DA3m(h-D05), WZ Biosciences, 300nl 532 

concentration=5×1012 gc/mL) in the left hemisphere VS of WT mice.    533 

 534 

Behavioral setup. All behavioral experiments took place inside custom-built enclosed behavioral 535 

box in which head-fixed mice could stand on a fixed running wheel. The frame of the behavioral 536 

box was built using aluminum frames (McMaster) and the walls were made using black hardboard 537 

(Thorlabs, TB4). Mice had access to a water spout which delivered artificially sweetened water 538 

(Acesulfame Potassium powder dissolved in water at 6g/L; Prescribed For Life) for water reward, 539 

and an odor spout which delivered the odor cures for classical conditioning. Behavioral events 540 

were controlled (and licking was monitored) using custom-written software in MATLAB 541 

(Mathworks) and the Bpod library (Sanworks) interfacing with the Bpod state machine (1024 and 542 

1027, Sanworks), valve module (1015, Sanworks) and port interface board (1020, 543 

Sanworks)/water valve (LHDA1233115H, Lee Company) assembly. Odors were delivered using 544 

a custom olfactometer, which directed air through one of eight solenoid valves (LHDA1221111H, 545 

Lee Company) mounted on a manifold (LFMX0510528B, Lee Company). Each odor was 546 

dissolved in mineral oil at 10% dilution, and 30 μL of diluted odor solution was applied to a syringe 547 

filter (2.7 μm pore, 13 mm diameter; 6823-1327, Whatman). Wall air was passed through a 548 

hydrocarbon filter (HT200-4, Agilent Technologies) and split into a 100 mL min−1 odor stream 549 

and 900 mL min−1 carrier stream using analogue flowmeters (MFLX32460- 40 and MFLX32460-550 

42, Cole-Parmer), which were recombined at the odor manifold before being delivered to the nose 551 

of the mouse. During photometry experiments, licking was monitored using closed-loop circuit 552 

similar to previously described method58. During in vivo electrophysiology, an infrared emitter–553 

photodiode. Infrared method is less prone to electrical artifact, and thus more suitable for in vivo 554 

electrophysiology. 555 

 556 

Behavioral tasks. We used a classical conditioning paradigm in which odor cues predict specific 557 

outcomes. An odor was chosen pseudo-randomly (out of two or three odors) and was delivered for 558 

1.5 second after which an outcome (1.5 μL of artificially sweetened water or no reward) was 559 

delivered via the waterspout. An inter-trial interval (ITI) separated each trial. The duration of the 560 

ITI followed a truncated exponential distribution with a mean of 8 seconds, minimum duration of 561 



5 seconds, and maximum duration of 12 seconds. Each session consisted of 200 trials, which lasted 562 

about ~35 minutes on average.  563 

In the stable task, the odor A (S)-(-)-limonene was always rewarded and odor B (1-heptanol) 564 

was always not rewarded. In the dynamic task, the reward contingency changed every session, 565 

with the reversal happening at 101th trial (middle point). In the hybrid task (for in vivo 566 

electrophysiology), we used 3 odors, two of which were stable (odor A and B) and one was 567 

dynamic (odor C; 1-hexanol). The outcome of the 3rd dynamic odor changed every 60 trials 568 

(instead of 100 trials), and the whole session lasted for 240 trials (total of 4 blocks). The stable 569 

cues (odor A and B) were presented 25% of the time and dynamic cue (odor C) were presented 570 

50% of the time to counter-balance the ratio of stable and dynamic cues.  571 

 572 

Odors. We used (S)-(-)-limonene (odor A), 1-heptanol (odor B), and 1-hexanol (odor C). For 573 

stable or dynamic task, we used odor A and B. For the hybrid task, we used odor A, B and C. All 574 

odors were diluted in mineral oil at 10%. 575 

 576 

Behavioral training. Mice were first handled while undergoing water deprivation. This lasted for 577 

at least a week until mice reached around 85% of their baseline weight. We confirmed that mice 578 

were comfortable licking to a syringe that delivered water while handling, indicating a reduction 579 

in overall stress and a willingness to seek water. After handling, mice were habituated on the rig, 580 

for at least 3 days. We head-fixed the mice and immediately dispensed water reward. The 1st 581 

habituation session lasted for 15 minutes, and the subsequent habitation session lasted for 35 582 

minutes (similar time as the actual length of a behavioral session). We confirmed on the third 583 

session that mice were comfortably licking to the spout. If mice never licked to the spout on the 584 

3rd day, we continued the habitation until mice became comfortable licking.  585 

For training in the stable task, we trained mice for at least 5 days. Mice were able to perform 586 

well on the first day and steadily improved (Extended Data Fig. 1a, c). Value memory for stable 587 

task was tested after at least 5 days of training. For training on the dynamic task, mice were first 588 

trained on the stable task for at least 3 days and then trained on the stable task for another 3 days 589 

with reversed contingency (odor A=no reward, odor B=reward). After this, mice were then trained 590 

on the dynamic task where reversal happened every session at trial 101, for at least 12 days. We 591 



made sure that every dynamic task session started with the contingency that the mouse had last 592 

seen from the previous session, to preserve the continuity of reward contingency across days.  593 

For training in the hybrid task, mice were initially trained on the stable task for 5 days. 594 

Mice were then trained on the hybrid task by introducing the third cue (odor C). Initially, each cue 595 

was presented 33% of the time, and there were two blocks (one reversal) for the dynamic cue. 596 

After 8 days of training, we transitioned to the final version of the hybrid task with cue presentation 597 

ratio of 25/25/50% for cue A/B/C respectively, and with 4 blocks. After about 10 sessions in this 598 

final version of the hybrid task, Neuropixels recording was performed in the following sessions.  599 

 600 

Testing value memory. We tested the stability of the value memory in two ways. In the first way, 601 

after mice were fully trained on the stable or dynamic task, we introduced break between sessions 602 

(1, 2, 4 or 8 days for stable task; 1 day for dynamic task). The break duration was randomized 603 

across mice. In the second way, after mice were fully trained on the stable or dynamic task, we 604 

increased the ITI length (duration=0.625, 1.25, 2.5, 5 min) on trial 50th and 150th. To quantify the 605 

mice’s ability to remember previously learned values, we computed the discrimination index as 606 

follows: 607 

 608 

𝑑𝑖𝑠𝑐𝑟𝑖𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛	𝑖𝑛𝑑𝑒𝑥 = 	
𝐶𝑆!𝑙𝑖𝑐𝑘(1𝑠𝑡	𝑡𝑟𝑖𝑎𝑙) − 𝐶𝑆"𝑙𝑖𝑐𝑘(1𝑠𝑡	𝑡𝑟𝑖𝑎𝑙)

𝑚𝑒𝑎𝑛	𝐶𝑆!𝑙𝑖𝑐𝑘(𝑙𝑎𝑠𝑡	5	𝑡𝑟𝑖𝑎𝑙𝑠) − 𝑚𝑒𝑎𝑛	𝐶𝑆"𝑙𝑖𝑐𝑘(𝑙𝑎𝑠𝑡	5	𝑡𝑟𝑖𝑎𝑙𝑠) 609 

 610 

A similar metric was used for dopamine photometry signal (Extended Data Fig. 1h) or for RNNs 611 

value (Main Fig. 2i).  612 

 613 

Testing value inference. To test if mice could use structural knowledge of the task to infer a 614 

change in value based on value update for the opposite cue, we first trained mice fully on the 615 

dynamic task. Next, at the reversal point, we presented one cue type for 5, 10 or 20 trials, followed 616 

by the other cue (probe trial). We quantified the change in the value of the probe cue relative to 617 

level before reversal. Any change in the value of the probe cue would indicate an inferred value 618 

update based on structural knowledge of the task (without direct experience). For mice, we 619 

computed the inference change in value by computing the change in CS licks (ΔCS licks) or in 620 

dopamine (DA) signal (ΔDA (norm. dF/F)). For RNNs, we quantified the change in inferred value 621 



(Δinferred value). For both mice and RNNs, the change was computed by subtracting the pre-622 

reversal baseline level, which was computed by taking the mean value (CS licks, dopamine signal 623 

RNN value readout) over the last 5 trials before reversal. 624 

 625 

Fiber photometry. We used a commercially available bundle fiber photometry system (BFMC, 626 

Doric) to record photometry signals from multiple animals simultaneously. A low-627 

autofluorescence Branching Bundle Patchcord (400μm, 0.57 NA) was connected to the 628 

photometry system. Each end of the fiber went to a single behavioral rig, allowing us to 629 

independent track photometry signals from up to 3 animals simultaneously. A blue excitation LED 630 

(470 nm, 10 μW power at tip of the 400um patchcord ferrule) was used to collect GRABDA3m 631 

signal. A purple excitation LED (415 nm, 9 μW power) was used to collect control signal for 632 

correcting movement artifact. The following parameters were used for imaging in the Doric 633 

Neuroscience Studio V6 software: power=10%, framerate=30Hz, exposure=0.012 seconds, 634 

gain=9.9dB. 635 

 636 

KN-93 infusion experiment. For inhibiting synaptic plasticity in BLA, we used KN-93, a CaMKII 637 

inhibitor known to disrupt synaptic plasticity7,59. Once mice were fully habituated to the rig (for 638 

testing in stable task) or fully trained on the dynamic task (for testing in dynamic task), the day 639 

before the infusion, two small craniotomies were made above BLA on each hemisphere, and sealed 640 

with silicone elastomers (Kwik-Cast, World Precision Instruments). On the day of infusion, mice 641 

were lightly anaesthetized with isofluorane (1%). KN-93 (water soluble KN-93 dissolved in saline 642 

at 100 μM concentration) (422711-1MG, Millipore Sigma) was injected bilaterally into BLA 643 

(volume: 300 nl per site). Mice were left to recover for an hour before behavioral testing. To verify 644 

the injection site, KN-93 was mixed with a lipophilic tracer DiI (less than 5% of total volume) 645 

(V22889, ThermoFisher Scientific). Mice were perfused (see Histology) and the slices imaged 646 

under a wide-field microscope (see Extended Data Fig. 3). For saline infusion, the same procedure 647 

was performed with saline+DiI. 648 

 649 

In vivo electrophysiology. We performed acute Neuropixels (1.0, single shank) recording in mice 650 

fully trained the hybrid task. A total of 6 recording sessions was performed per mouse, 3 sessions 651 

per hemisphere. All recordings were performed in SpikeGLX software 652 



(https://github.com/billkarsh/SpikeGLX), with a sampling rate of 30 kHz, local field potential gain 653 

of 250 and action potential gain of 500, and we analyzed only the action potential channel (which 654 

was high-pass filtered in hardware with a cut-off frequency of 300 Hz). Behavioral and neural 655 

recordings were synchronized using a transistor–transistor logic (TTL) pulse sent from the Bpod 656 

to the PXIe acquisition module SMA input at the start of every trial.  657 

The day before the first recording session, a small craniotomy was made bilaterally above 658 

BLA. Slicone elastomers (Kwik-Cast) was used to cover the craniotomies. On recording sessions, 659 

the silicone gel was gently removed to expose the brain. A Neuropixels probe was soaked into 660 

either DiO, DiI or DiD solutions (Vybran Multicolor Cell-Labeling Kit, ThermoFisher 661 

Scientific) for tracking the probe location, then mounted on a vertical manipulator (KDC101 and 662 

Z825B, Thorlabs). The probe was slowly lowered until it touched the brain surface. Saline was 663 

applied around the craniotomy to prevent drying and helping the insertion through the dura. The 664 

probe was slowly inserted into the dura at 0.05 mm/s. Once the probe was confirmed to have 665 

penetrated the brain, the speed was lowered to 0.01 mm/s. The probe was lowered to 5.3 mm below 666 

the brain surface to record in the BLA and regions around it. Once the probe was fully lowered, 667 

we waited for 10 minutes for the probe to fully settle inside the brain. Once the recording session 668 

was over, the probe was slowly retracted at 0.01 mm/s. Silicone gel was applied on the craniotomy.  669 

 670 

Optogenetic experiments. We performed optogenetic experiments to test the role of BLA in 671 

stable and dynamic task. Optical fibers (400μm, 0.57 NA, Doric) were implanted bilaterally above 672 

BLA (coordinates: -1.3/3.3/4.0) in emx1-Cre × gtACR1 mice. Mice were allowed to recover for 673 

at least 2 weeks before starting the handling procedure. Mice were first trained on the stable task 674 

for 5 sessions. 470nm LED was used to inhibit BLA neurons. LED was on for a duration of 3 675 

seconds aligned to odor onset, and randomly in 15% of all trials. We performed 2 stimulation 676 

sessions per mouse. We made sure to interleave a non-stimulation session to avoid chronic effect 677 

from repeated stimulation of BLA neurons. The effect of stimulation was quantified by comparing 678 

the effect of stimulation on CS+ licks and CS- licks (Fig. 3d).  679 

 680 

RNN modelling. 681 



Recurrent neural network implementation. We implemented RNNs as previously described25,26. 682 

Briefly, we trained recurrent neural networks composed of GRU units (N=20) to estimate the value 683 

for each timestep. The hidden unit activity is given by the following equation: 684 

 685 

𝑧# 	= 	 𝑓$(𝑜# , 𝑧#"%) 686 

 687 

𝑧# is hidden units’ activity at time t 688 

𝜙 is the parameters of the RNNs 689 

𝑜# is the observation produced by environment at time t 690 

𝑧#"% is the hidden units’ activity at time t-1 691 

 692 

𝑜# is a vector define as follows: 693 

 694 

𝐨𝐭 = [𝑜𝑑𝑜𝑟𝐴, 𝑜𝑑𝑜𝑟𝐵, 𝑜𝑢𝑡𝑐𝑜𝑚𝑒], 𝑤ℎ𝑒𝑟𝑒		𝑜𝑑𝑜𝑟𝐴 ∈ {0,1}, 𝑜𝑑𝑜𝑟𝐵 ∈ {0,1}, 𝑜𝑢𝑡𝑐𝑜𝑚𝑒𝐵 ∈ {0,1} 695 

 696 

Thus, at each timestep, the RNN had access to a vector indicating whether odor A was present, 697 

odor B was present, and whether reward was delivered or not. Each trial began with an intertrial 698 

interval (ITI) of duration that followed a geometrical distribution with parameter p=0.8. After the 699 

ITI, a cue was presented (𝐨𝐭 = [1,0,0]	𝑜𝑟	𝐨𝐭 = [0,1,0]	for odor A or B respectively) followed by 700 

the outcome (𝐨𝐭 = [0,0,1]	𝑜𝑟	[0,0,0]] for reward or no reward respectively).V# = 𝑤'𝑧# +𝑤(	for 	701 

𝑧# , 𝑤( ∈ 	ℝ) 	(where	H=20	 is	 the	 number	 of	 hidden	units). The full parameter vector  𝜃 =702 

[𝝓,𝒘,𝑤(] was learned using TD learning. This involved backpropagating the gradient of the 703 

squared error loss 𝛿#* 	= 	 (𝑟# 	+ 	𝛾𝑉#!% −	𝑉#)*. The discount factor 𝛾 was set to 𝛾=0.2. 704 

 705 

Task implementation. To implement the stable task, we used 200 trials where each odor A or B 706 

was chosen at random, with odor A being rewarded and odor B not being rewarded. For the 707 

dynamic task, reward contingencies flipped every 50 trials (block length = 50 trials). The dynamic 708 

task lasted for 18 blocks.  709 

 710 

Training. We first initialized the network to PyTorch’s default. We used a truncated 711 

backpropagation through time (T-BPTT) learning rule28,29 where at each timestep, the network 712 



used past experience (defined by the window size W) to compute the gradient and update the 713 

weights of the network. We explored the effect of varying window size W (see Extended Data Fig. 714 

2). For the majority of the analysis, we fixed the window size to W=720 (~100 trials), which was 715 

roughly equal to the length two blocks in the dynamic task. Given that the network is continuously 716 

learning in this setting, it is possible that the learning gets stuck in non-optimal local minima. To 717 

avoid such networks that might have sub-optimally learned the task, we first computed mean loss 718 

(reward prediction error squared) for the last 20 trials of the last four blocks in the dynamic task 719 

for a range of W (Extended Data Fig. 1a-b). Most networks had a loss less than loss<0.0005.  Thus, 720 

we excluded networks whose loss exceeded 0.0005. This was to ensure that the final RNNs could 721 

solve the task, regardless of the mechanism being used. Learning rate was set to 0.0005, and we 722 

used the Adam optimizer with the AMSGrad variant (amsgrad=True in PyTorch), which enforces 723 

a non-decreasing second-moment estimate for more stable updates. 724 

 725 

Plasticity manipulation. We manipulated the plasticity in RNNs to test the role of plasticity in 726 

updating value in either stable or dynamic task. Learning rate was set to zero before training on 727 

the stable task to test the role of plasticity in the stable task. For the dynamic task, RNNs were first 728 

fully trained on the dynamic task, while excluding RNNs that never converged (see Training). 729 

We then set the learning rate to zero to test the role of plasticity in updating value in the dynamic 730 

task. To quantify the effect of plasticity manipulation, we computed the area under the receiver 731 

operating characteristic (AUROC) between value readout of CS+ cue and CS- cue.  732 

 733 

PCA analysis. We applied principal component analysis (PCA) to better understand the neural 734 

state-space trajectories during stable and dynamic task. PCA was applied to the hidden units’ 735 

activity over the entire period of training. Example state-space trajectories were plotted in the PC1-736 

PC2 and value readout space. Note that the value readout space is not strictly a function of hidden 737 

units’ activity, but a combination of hidden units’ activity and the readout weights. 738 

 739 

Context axis analysis. We defined the context axis as the axis that could best discriminate the 740 

context (block type) in the hidden unit activity space in the dynamic task. We first took the ITI 741 

activity of the last 4 blocks of the entire 18 blocks training of the dynamic task. The activity was 742 

then segregated into two contexts, and then a Fisher linear discriminant analysis was used to 743 



compute the line that best separate context. The resulting axis was defined as context axis. Activity 744 

during the ITI was projected onto the context axis for further analysis (contextproj). 745 

 To understand how the context information was being used, we computed the Spearman 746 

rank correlation coefficient between the contextproj and the value difference between the last two 747 

cues (value readout of last cue A – value readout of last cue B). The correlation was computed 748 

using the first 4 blocks for naïve RNNs or using the last 4 blocks for expert RNNs. 749 

 750 

Long ITI effect. To understand whether long ITI could have differential effects on the value 751 

memory in RNNs, we simulated the effect of long ITI by increasing the length of ITI to 5, 10, 20 752 

or 40 in either stable or dynamic task. Discrimination index was computed similarly for RNNs 753 

(see Testing value memory).  754 

 To understand the effect of the long ITI, we projected the activity during the long ITI onto 755 

the context axis. We computed the drift by computing the distance moved along the context axis 756 

during the long ITI. We then computed the correlation coefficient between the value differential 757 

after the long ITI and the drift along the context axis. Value differential was corrected to be positive 758 

at the beginning of the long ITI. Contextproj was also corrected to be positive if drift was moving 759 

away from the initial point towards the other fixed point.  760 

 761 

Analysis 762 

Photometry preprocessing. dF/F was first calculated by computing F0, and using the formula 763 

dF/F=(Fraw – F0)/F0. F0 was defined as the 10th percentile of Fraw in a rolling window of 30 s. dF/F 764 

traces were upsampled from 20 Hz to 1000 Hz through linear interpolation (MATLAB function 765 

interp1) and then smoothed with a Gaussian filter (SD = 50 ms). We then normalized dF/F by z-766 

scoring (MATLAB zscore function).  767 

 768 

Spike sorting. Neuropixels recording data were spiked sorted offline with Kliosort4 769 

(https://github.com/MouseLand/Kilosort?tab=readme-ov-file) with default parameters, followed 770 

by manual curation of individual units using Phy (https://github. com/cortex-lab/phy).  771 

 772 

Brain registration for in vivo electrophysiology. To label individual units with their 773 

corresponding location in the brain, we registered the histology to the Allen Mouse Brain Atlas. 774 



We first used AP_histology to register each histology slices with the tracer to the Allen Mouse 775 

Brain Atlas (https://github.com/petersaj/AP_histology/tree/master). Coordinates for each probe 776 

track was then converted in the relevant format to be read out by the IBL Ephys Atlas alignment 777 

tool (https://github.com/int-brain-lab/iblapps/tree/master/atlaselectrophysiology). We obtained a 778 

brain location for each recorded single unit, which was used for brain region specific analysis. 779 

 780 

Histology. Mice were deeply anesthetized with an overdose of ketamine/medetomidine, 781 

exsanguinated with 0.9% phosphate buffered saline (PBS), and transcardially perfused with cold 782 

4% paraformaldehyde (PFA) in PBS. The brain was extracted from the skull and stored in 4% PFA 783 

for 24-48 hours at 4°C, after which it was rinsed with PBS, stored in PBS, and cut into 100 𝜇m 784 

sections on a vibratome (VT1000S, Leica). Sections mounted on slides and then imaged using a 785 

slide scanner (Zeiss Axioscan 7). 786 

 787 

Neuropixels recording analysis 788 

Value coding cells. We defined a cell as stable value coding if it passed the following criteria: 789 

significantly different firing rate between odor A and odor B during the 1.5s odor on period. We 790 

tested for significance using student’s t-test (MATLAB ttest2 function) at α=0.01, for different 791 

blocks combination (block1+2, block 3+4, block1+4, block2+3, block1+2+3+4). A cell had to pass 792 

all 5 tests to qualify as a stable value coding cell. This was to ensure that the cell was firing 793 

consistently across blocks. For dynamic value coding, we similarly defined dynamic value coding 794 

cell if it passed the following criteria: significantly different firing rate between odor C during 795 

rewarding block and odor C during non-rewarding block. We tested for significance using 796 

student’s t-test at α=0.01for different combinations of blocks (block 1 vs 2, block3 vs 4, block1+3 797 

vs 2+4). A cell had to pass all 3 tests to qualify as a stable value coding cell. This was to ensure 798 

that the dynamic value was consistently maintained throughout the session and not just in specific 799 

blocks. Lastly, a stable and dynamic value coding cell was defined as a single unit that was both 800 

stable value coding and dynamic coding following the criteria mentioned above. When quantifying 801 

the percentage of cells encoding value, we excluded cells whose baseline firing rate (total 802 

spikes/session duration) was below 0.2 Hz.  803 

 804 

https://github.com/petersaj/AP_histology/tree/master
https://github.com/int-brain-lab/iblapps/tree/master/atlaselectrophysiology


Context coding cells. We defined a cell as context coding if it passed the following criteria: 805 

significantly different firing rate during the ITI (4 seconds before cue onset till cue onset) between 806 

rewarding block and non-rewarding block. We tested for significance using a student’s t-test at 807 

α=0.01, for different blocks combination (block 1 vs 2, block3 vs 4, block1+3 vs 2+4). A cell had 808 

to pass all 3 tests to qualify as a context coding cell.  809 

 810 

Correlation between CS licks and context coding. To quantify the relationship between the 811 

context coding during the ITI and value for the dynamic cue, we computed the Spearman 812 

correlation between the ITI firing rate during the ITI (last 4 seconds before odor onset) and the 813 

number of licks during odor C delivery (1.5 seconds duration). We combined trials from block2 814 

and block4 or block 1 and block 3 and computed the correlation for the two sets of trials, and then 815 

computed the mean correlation across the block types. This was to avoid introducing spurious 816 

correlation given that context coding was initially defined by being able to differentiate block 1+3 817 

vs block 2+4, and given that mice’s licks to odor C also differentiated block type. For control, we 818 

shuffled the CS licks for odor C and ITI firing rate pairing.  819 

 820 

Context update analysis. In the hybrid task, average reward rate and context coding are 821 

confounded. To determine if context coding reflected block identity based on the outcome of odor 822 

C only, we quantified the amount of context coding update for each cue type. If context coding 823 

neurons reflect reward rate, then one would expect context to be updated solely based on outcome 824 

regardless of cue type. However, if context coding truly reflects odor C specific context, then one 825 

would expect context coding to be only updated after odor C. We computed the mean context 826 

update at the beginning of each block (Δcontext coding) by first taking the change in ITI firing 827 

rate (4 seconds before odor onset till odor onset) after each trial type. We focused on the first six 828 

trials for each cue type because context update occurred mostly at the beginning of each block. We 829 

restricted our analysis for block 2 and block 4. Thus, for each context coding unit, we obtained a 830 

mean context update for each cue type, which was taken from a total of 12 trials for each cue type. 831 

Predictions for the reward rate model vs pure context coding model is shown in Extended Data 832 

Fig. 5.  833 



Figure + legends 

 
Fig. 1 | Environmental stability sets distinct timescales for value update and forgetting. a, 

Trial structure. Following an ITI (5~12 s), an odor cue (1.5s) was presented randomly (odor A or 

B), followed by an outcome (water reward or no reward). b, Task type. In the stable task (top), the 

outcome was fixed (odor A-reward, odor B-no reward). In the dynamic task (bottom), the outcome 

flipped once every session (2 blocks). Each session started with the same reward contingency as 

the last block from the previous session.  c, Expert performance of mice trained on the stable task 

(training duration=3days). Lick rate (Hz) for rewarded odor CS+ (blue) and unrewarded odor CS- 

(red) is shown aligned to odor onset (n=10 mice). d, Similar quantification as in c for expert mice 



on the dynamic task, for block 1 (left) and block 2 (right) (n=10 mice). e, AUROC between CS+ 

and CS- in stable (green) and dynamic (purple) task for naïve (empty circle) and expert mice (filled 

circle) (n=10 mice; ***, P<0.001, two-tailed t-test). f, Learning curve for updating value (+Δvalue: 

positive update, –Δvalue: negative update) in stable/1st reversal and dynamic task. left, CS+ lick 

rate for naïve mice first exposed to the stable task, aligned to 1st day (green) and expert mice on 

the dynamic task, aligned to reversal point (0 trial=reversal point) (purple). right, similar 

quantification for CS- lick rate: mice experiencing reversal for the first time (green) aligned to 

reversal point and expert mice on the dynamic task decreasing CS- lick rate aligned to reversal 

point (stable: n=6 mice; dynamic: n=5 mice). g, Testing the timescale of value forgetting in 

dynamic vs stable task with inter-session break. left, schematic showing the break (grey box) 

separating session N from session N+1. right, lick raster plot for an example session aligned to 

odor onset for stable and dynamic task. Grey box is the break (24 hours) between session N and 

session N+1. Each row indicates a trial with the colored box indicating the odor on period (red, 

CS+; blue, CS-). h, Quantification forgetting for different inter-session break duration (1, 2, 4, or 

8 days break). Discrimination index represents how well mice could discriminate CS+ and CS- on 

the first trial for each CS on session N+1 (normalized by previous session performance; see 

Methods) for stable (green) or dynamic (purple) task. (stable: n= 4 mice; dynamic: n= 7 mice; ***, 

P<0.001, two-tailed t-test). i, Testing the timescale of value forgetting in dynamic vs stable tasks 

with inter-trial break. left, schematic showing two breaks within a session (grey boxes). right, lick 

raster plot for an example session similar to g. j, Similar quantification as in h for inter-trial breaks 

(37.5, 75, 150 or 300 sec) (stable: n=6 mice; dynamic: n=7 mice; *, P<0.05; **, P<0.01, two-tailed 

t-test). All data shown are mean ± s.e.m.   

 

 

 

 

 

 

 

 

 



 
 

Fig. 2 | RNNs with online weight update recapitulates mouse behavior. a, left, Schematic 

showing the RNN with plastic synapses (pink). States are represented by the hidden units’ activity, 

and value is readout using RNN representation (see Methods). right, Schematic showing the online 

learning rule using TBPTT. At each timestep, the RNN updates its weight based on the past 

experience using a sliding window (see Methods). b, left, Example RNN learning the stable task. 



Blue and red traces re the RNN value readout for rewarded cue (CS+) and unrewarded cue (CS-) 

respectively. right, Example RNN learning the dynamic task (blue, cue A; red, cue B). Background 

color denotes the cue type that is being rewarded in that block. c, left, Example RNNs (n=10) 

showing positive value update (+Δvalue) in the stable task (green) and in the expert level dynamic 

task (purple) For stable task, value starts from naïve to first exposure to the task. For dynamic task, 

value starts from the start of reversal for the cue that was previously unrewarded. right, similar 

quantification for (–Δvalue) in the first reversal (green) and in expert level dynamic task (purple). 

d, Example RNNs (n=10) showing the effect of freezing the weight in the stable (green) or 

dynamic task (purple) for positive value update (black=weight update intact; red=weight frozen). 

e, Quantification of the AUROC for CS+ and CS- value readout in the stable (left) and dynamic 

(task) when weight update was intact (black) or frozen (red). Weight freezing had a significant 

effect on updating value in the stable task (***, P<0.001, two-tailed t-test) but no effect in the 

dynamic task (P=0.31, two-tailed t-test). f, An Example RNN with the hidden units’ activity during 

the ITI projected onto the context axis (contextproj) (top, see Methods) and the value readout 

(bottom) for cue A (blue) and cue B (red). Colored background represents which cue is being 

rewarded in that block.  g, Quantification of the correlation between the value differential (value 

diff.) and the context projection (contextproj) for naïve (left) and expert (right) RNN (n=1). Value 

differential which was defined as the value difference between the last CS+ and CS- (see Methods). 

Each dot represents a single trial (red/blue=types of blocks).  h, left, Quantification of Spearman's 

rank correlation coefficient (ρ) between value diff. and contextproj in naïve (grey) vs expert (purple) 

RNNs (n=100). Context projection became more predictive of value differential in expert 

compared to naïve RNNs (***P<0.001, two-tailed t-test). right, AUROC between block types (cue 

A-reward block vs cue b-reward) in naïve (grey) vs expert (purple) RNNs (n=100). Context 

projection became more separable in naïve vs expert mice (***, P<0.001, two-tailed t-test). i, An 

example expert RNN on the dynamic task, quantified similar to f, when long ITI is introduced 

(black arrow). j, Quantification of the effect of introducing long ITI (discrimination index) as a 

function of the length of the ITI (5-40AU) for stable (green) and dynamic task (purple). Long ITI 

trials decreased the discrimination index for dynamic but not stable task (***, P<0.001, two-tailed 

t-test). k, Relationship between value difference (value diff.) between CS+ and CS- after long ITI 

and the drift caused by the long ITI along the context axis (see Methods). The amount of drift on 



the context axis predicted the change in value readout between CS+ and CS- (R2=0.62, two-tailed 

Pearson’s correlation coefficient test, ***, P<0.001). All data shown are mean ± s.e.m.   

 

 

 

 

Fig. 3 | Dissociable roles of BLA plasticity vs activity. a, Schematic showing experimental flow 

for testing the role of BLA plasticity in stable vs dynamic task. left, Mice were first habituated to 

the rig for 3 days, after which they underwent infusion of either KN-93 or saline, targeting BLA 

(pink). Mice were tested on the stable task after 1h post-infusion. right, Mice were trained on the 

dynamic task for 12 days until they reached expert performance, after which they underwent 

infusion of KN-93 and saline in the BLA on different consecutive sessions (see Methods). b, Effect 

of KN-93 infusion on the performance in stable (left, green) or dynamic (right, purple) task. 

AUROC between CS+ and CS- licks are quantified for each experiment.  (stable/saline, n=11 mice; 

stable/KN-93, n=8 mice; dynamic, n=7; *, P<0.05, two-tailed t-test). c, Schematic showing 

experimental flow for inhibiting BLA activity in the stable vs dynamic task. left, emx1-Cre × 

gtACR1 mice were implanted with bilateral fibers above BLA. right, stimulation light (470 nm 

LED) was on for 3 sec starting from odor onset on 15% of all trials. d, Quantification of the effect 

of inhibiting BLA activity in stable (left) and dynamic (right). CS+ (blue) and CS- (red) licks are 



shown for LED off (left) and LED on (right) (n=10 sessions form 5 mice; ***, P<0.001, two-tailed 

t-test). All data shown are mean ± s.e.m.   

  



 
Fig. 4 | Stable and dynamic value coding in the BLA. a, Schematic showing trial structure and 

reward contingency across session. top, in the hybrid, task, three odors were presented, odor A or 

odor B with 25% probability and odor C with 50 % probability. Odor A and B had stable value 

(A-reward, B-no reward) whereas the value of odor C was dynamic. bottom, Each session 

consisted of four blocks where the value of odor C alternated between reward and no reward. Initial 

value of odor C was kept the same as the value of odor C in the last block of previous session to 

preserve continuity. b, Neuropixels probe trajectories targeting BLA. left, 3d rendering of the 

probe trajectories of recording sessions. BLA is shown in red. right, example histological slice 

showing probe trajectories. DiO (green), DiI (yellow) and DiD (red) were used probe tracking (see 

Methods). c, Example units coding for stable value (top), dynamic value (middle), or stable and 

dynamic value (bottom). Each graph shows the smoothed peri-stimulus time histogram (PSTH) 

averaged across each block (grey, odor C →	reward; white, odor C →	no reward). Each trace shows 

firing rate (spikes s-1) for CS+ odor (blue), CS- odor (red) or dynamic CS+/- (purple). d, top, 

Fraction of units encoding stable value (SV, top), dynamic value (DV, middle), or stable and 

dynamic value (SVDV, bottom). e, top, Mean firing rate of all amygdala positive (left, n=780) or 

negative (right, n=1146) SV neurons, aligned to odor onset (blue/red, CS+/CS-). Bottom, Mean 

firing rate of all positive (left, n=344) or negative (right, n=510) DV neurons aligned to odor onset 

(purple/grey, CS+/CS-). f, left, Stable value selectivity (firing rateA – firing rateB) vs dynamic value 

selectivity (firing rateC-Reward – firing rateC-No reward) for all DV neurons (R2=0.62, two-tailed 

Pearson’s correlation coefficient test; ***, P<0.001). right, Fraction of units categorized by the 



polarity of SV and DV selectivity (SV+DV+, dark blue; SV-DV-, light blue; SV+DV-, light pink; 

SV-DV+, dark pink). All data shown are mean ± s.e.m.   

 

 

  



 

Fig. 5 | Context coding in the BLA. a, Example BLA unit that encodes context in the ITI. CS 

licks to odor (black line) is shown along the mean ITI firing rate during the 3 seconds before cue 

onset (pink line, see Methods). Background colored rectangles indicate the block type (light blue, 

rewarded odor C; light pink, not rewarded odor C). b, Same example BLA unit as in a showing 

mean firing rate during each block aligned to odor onset (background color indicates block type 

as in a).  c, Fractions of units context coding units across all brain regions recorded. 

Positive/negative context (blue/yellow) was defined by the whether ITI firing rate was higher in 

the odor C reward block vs odor C no reward block (see Methods). d, Example negative context 

encoding BLA unit showing the correlation between CS licks to odor C and ITI firing rate before 

odor C onset. Data is from block 2+4 combined, showing correlation within same block type (see 

Methods) (ρ=-0.64, two-tailed Spearman’s rank correlation test; ***, P<0.001). e, Quantification 

of the mean Spearman’s rank correlation between odor C CS licks and ITI firing rate for all positive 

(pos., blue, n=59) and negative (neg., yellow, n=171) in the amygdala (***, P<0.001, two-tailed 

t-test). For control, we shuffled the CS licks-ITI firing rate pairing (see Methods). f, ITI firing 

update for all positive (left) and all negative (right) context coding amygdala units. At the 

beginning of each block, we quantified the change in ITI firing rate followed by each cue type 

(odor A, B or C) in either odor C reward block (purple) or odor C no reward block (green) (*, 

P<0.05, **, P<0.005; ***, P<0.001, two-tailed t-test). All data shown are mean ± s.e.m.   

 

 

  



 
Fig. 6 | Recurrent dynamics enable inferred value. a, Schematic showing distinct predictions 

for value inference. Plasticity-based value update (left) is model-free, thus cannot infer value. 

Dynamics-based value update (right) learns the hidden states of the environment, via fixed points 

in the dynamics. This model-based value update enables value inference. b, Task design to test 

value inference. Once mice were fully trained on the dynamic task, mice were tested around the 

reversal point by only presenting one cue type (red, 5-20 trials), after which the other cue was 

presented (blue). Value (e.g. CS licks) of the other cue could be inferred to be high using structural 

knowledge (value inference). c, Testing value inference in naïve (left) vs expert (right) RNNs 

trained on the dynamic task (n=4 example RNNs). d, Testing value inference in naïve (left) or 

expert (right) mice on the dynamic task (n=6 mice). e, Quantification of change inferred value in 

RNNs (Δinferred value) in naïve (green, n=100 RNNs) and expert (purple, n=100 RNNs) RNNs 

(***, P<0.001, two-tailed t-test). f, Quantification of inferred value in mice using CS licks (left, 

n=6) or dopamine photometry signal (right, n=6 mice) (*, P<0.05; ***, P<0.001, two-tailed t-test). 

g, Relationship between ΔCS licks and the number of trials of the opposite cue, indicating strength 

of belief that a change of state has occurred (n=6 mice) (*, P<0.05, two-tailed t-test). All data 

shown are mean ± s.e.m.   

 

 

 



 

 

  



 

Extended Data Fig. 1 | Further quantification of behavioral training, forgetting after breaks, 

and dopamine signaling related to forgetting. a, Lick rate for session 1-3 for the stable task. 

Mice could learn to discriminate from session 1, with performance gradually improving over 3 

days (n=10 mice) b, Comparing naïve vs expert performance on the dynamic task. left, 1st reversal 

session for block 1 and block 2. right, similar quantification for expert performance. Naïve mice 

initially had difficulty updating value and adapting to the new reward contingency on block 2 

(n=10 mice) c, Quantification of the AUROC for CS+ and CS- for stable dynamic task shown as 

a function of session number (n=10 mice).  d, Effect of inter-session break (1 day) for stable (left) 

or dynamic (right). CS lick rate is plotted for each odor (A, red; blue, B) as a function of trial 

number (last 10 trials or first 10 trials for session N or session N+1 respectively). Mice start licking 

to the CS- odor after 24 hours break in the dynamic task but gradually learn to suppress licking to 

the CS-. This effect is not present in the stable task (stable: n=4 mice; dynamic: n=7 mice). e, 

similar plot as in d for inter-trial break (300 sec). Grey box indicates the long break (stable: n=6 



mice; dynamic: n=7 mice). f, left, Histological slice of am example mouse showing the expression 

of the dopamine sensor GRABDA3m (green) in the ventral striatum. right, fiber locations (red) 

aligned to the atlas for all mice (n=12 mice). g, Example sessions showing dopamine response to 

CS after long ITI (300 sec). top, Normalized dF/F for CS+ (red) and CS- (blue) aligned to odor 

onset for stable task. The plot shows the last five trials (column=trial) before the long ITI (grey 

box). After long ITI, the dopamine response to the CS+/CS- are similar to the level before. bottom, 

similar quantification for dynamic task. After long ITI, the dopamine response to the CS- increases 

to the level similar to the CS+ response. h, Quantification of the forgetting timescale as in Fig. 1j 

for CS dopamine response (mean normalized dF/F during odor period: see Methods). 

Discrimination index was lower in dynamic task compared to stable task for longer ITI duration 

(300 sec) (n=7 mice; ***, P<0.001, two-tailed t-test).  



 
 

Extended Data Fig. 2 | RNN modelling with different hyperparameters. a, Histogram 

showing the distribution of mean loss (mean RPE2 in the last 4 blocks, only computing the last 

20 trials for each block) for different window size (W=100, 300, 500, 700, 900) during the 

dynamic task. Red line represents the threshold (0.005) for convergence (see Methods). For each 

window, we trained n=100 RNNs. b, Histogram showing the fraction of RNNs (mean RPE2 

<0.005) for different window size W. c, Value readout of CS+ (blue) and CS-(red) of example 

RNNs trained on the dynamic task with different window sizes (top: W=90, middle: W=360, 

bottom: W=720). RNNs with short W=90 do not display meta-learning (speeding up of value 

update). RNNs with medium sized W=360 displays meta-learning where the value update 

transitions from slow to fast process. RNNs with long W=720 displays meta-learning but 

struggles to update value prior to meta-learning due to the window encompassing multiple 

blocks. d, Quantification of the mean RPE2 for each block in the dynamic task. Each color 

indicates a different window size (n=100 RNNs for each window). e, Quantification of the 

AUROC of value readout of CS+ and CS- for each block in the dynamic. Each color indicates a 

different window size (n=100 RNNs for each window). f, Effect of freezing weight update on the 

value update during the stable task for different window size. AUROC is plotted against window 

size for RNNs network with plasticity (w. plasticity: grey) and without plasticity (wo. plasticity: 

pink). Dotted line represents chance level (AUROC=0.5) (***, P<0.001, two-tailed t-test) g, 

Similar quantification as f but for the dynamic task (***, P<0.001, two-tailed t-test; n.s., not 

significant). 

  



 
Extended Data Fig. 3 | Histology, detailed behavioral data and alternative models for BLA 

manipulation experiments. a, Example histology showing a coronal slice and the tip of the 

injection site. Slice shows DAPI (blue) and DiI (orange) which was mixed with saline or KN-93 

to locate the injection site (see Methods). b, Summary plot showing all the injection sites for the 

KN-93/saline infusion experiment (see Fig. 3a-b) aligned to the reference atlas. Each dot (orange) 

represents the injection site for one mouse. c, Lick rate for CS+ (red) and CS-(blue) aligned to 

odor onset after saline infusion (left) or KN-93 infusion (right) (stable/saline, n=11 mice; 

stable/KN-93, n=8 mice). d, Similar plot as in b for dynamic task. e, Similar plot as in c for the 

dynamic task (n=7).   f, Two models consistent with the experimental results of blocking plasticity 

in the BLA. In model 1, plasticity in the BLA drives value update in the stable task (top, left), but 

transitions into dynamics-based value update (top, right) after becoming expert in the dynamic 

task. In model 2, plasticity in BLA drives value update in the stable task (bottom, left), but the 

locus of plasticity transitions from BLA to another region (region X). Both models can explain 

why blocking synaptic plasticity in the BLA in the stable task impairs performance but does not 

impair performance in the dynamic task. A prediction of model 2 is that BLA activity should not 

be necessary to perform the dynamic task. g, Example histology of an emx1-Cre × gtACR1 mouse. 

Slice shows DAPI (blue) and gtACR1/mCherry (red).  



 
Extended Data Fig. 4 | Distinct timescale of forgetting of stable vs dynamic value in the 

hybrid task. a, Schematic showing two sessions separate by a 1-day break (grey box). Blue/red 

lines indicate the outcome for stable cues (CS+/CS-) and purple line indicates the outcome for 

dynamic cue (CS+/-). Session N+1 starts with the same reward contingency as the end of session 

N. b, Quantification of CS lick rate for stable and dynamic cues for the last 10 trials of session N, 

and first 10 trials of session n+1. CS lick rate for stable cues remained similar to previous day’s 

rate whereas CS lick rate to the dynamic cue increased relative to its previous level.  

 

  



 
Extended Data Fig. 5 | Further quantifications of context coding in the BLA. a, Two models 

for dynamic value computation in the BLA. In model 1 (left), dynamic value is computed outside 

BLA (shown here as unknown region X). BLA inherits dynamic value from region X. Context 

coding units are not present in BLA. In model 2 (right), context coding is either computed locally 

or inherited from region X. BLA locally computes dynamic value using context information 

(purple=dynamic value coding neurons; pink=context coding neurons). b, Firing rate of all 

amygdala positive context units (positive CTX, n=59, left) or negative context units (negative 

CTX, n=171, right) aligned to odor onset. Firing rate is shown for odor C in reward blocks 

(purple) or non-rewarded blocks (grey). c, Within all CTX units in the amygdala, fraction of 

units that are SV coding (red), DV coding (blue), or SVDV (grey). d, Distinct predictions for 

context update (Δcontext) when coding is reward coding or reward rate coding. Predictions are 

shown for positive context coding neurons (pos. context, blue) and negative context coding 

neurons (neg. context, yellow), in either reward blocks (purple) or non-reward blocks (green).   

  



 
 

Extended Data Fig. 6 | Further quantification of value inference in RNNs and mice. a, 

Training and test protocol for value inference related to Main Fig. 6. RNNs were first trained on 

the 1st block of the dynamic task (equivalent to stable task). On the first reversal point, RNNs 

were tested for the ability to infer value (probe block). We define this point as naïve RNNs (see 

main Fig. 6). RNNs were further trained for 17 blocks in the dynamic task, and then tested again 

on for value inference using the probe block. We define this point as expert RNNs (see main Fig. 

6). b, Up inference. left, Schematic showing the protocol for testing upward inference. After 

reversal, 5-20 trials of one cue were presented serially and then the other cue was presented the 

first time. Upward inference was quantified as the change in value (CS licks or CS DA) relative 

to baseline level, defined as the mean of the last 5 trials before reversal (see Methods). middle, 

Quantification of change in CS licks (ΔCS licks) as a proxy for inferred value for different 

number of opposite trials (5, 10 and 20). right, similar quantification for dopamine response 

(Δnormalized dF/F) (n=6 mice). c, Similar quantification as in b but for downward inference 

(n=6 mice). d, Summary diagram showing the transition from plasticity to dynamics-based value 

update for meta-learning.  

 

 


