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Abstract

Accurate prediction of crop states (e.g., phenol-
ogy stages and cold hardiness) is essential for
timely farm management decisions such as irriga-
tion, fertilization, and canopy management to opti-
mize crop yield and quality. While traditional bio-
physical models can be used for season-long pre-
dictions, they lack the precision required for site-
specific management. Deep learning methods are
a compelling alternative, but can produce biologi-
cally unrealistic predictions and require large-scale
data. We propose a hybrid modeling approach that
uses a neural network to parameterize a differen-
tiable biophysical model and leverages multi-task
learning for efficient data sharing across crop cul-
tivars in data limited settings. By predicting the
parameters of the biophysical model, our approach
improves the prediction accuracy while preserv-
ing biological realism. Empirical evaluation using
real-world and synthetic datasets demonstrates that
our method improves prediction accuracy by 60%
for phenology and 40% for cold hardiness com-
pared to deployed biophysical models. Project site:
https://tinyurl.com/DMC-MTL-Site.

1 Introduction

Accurate forecasts of crop states are critical for growers to
schedule time-sensitive farm operations such as cold stress
mitigation, pruning, fertilization, irrigation, and harvesting
for specialty crops [Keller et al., 2016; Milani and Cawley,
2024; Rogiers et al., 2022]. However, accurate crop state
prediction is challenging due to (1) limited availability of his-
torical data for per-cultivar calibration and sparse observa-
tions during each growing season [Zapata et al., 2017], and
(2) the need to accurately model complex relationships be-
tween daily weather features and crop states [Guralnick et
al., 2024]. Existing approaches to this crop state prediction
problem typically fall into two categories: mechanistic bio-
physical models and data-driven deep learning approaches.
Historically, biophysical models have been used to model
a variety of crop states, such as phenology (timing of each de-
velopmental stage) and cold-hardiness (tolerance to low tem-
peratures). Phenology is modeled by the Growing Degree

Day (GDD) biophysical model based on daily accumulated
heat units [Parker et al., 2013]. Cold hardiness models pre-
dict the lethal bud temperature as a function of air tempera-
ture and phenological stage [Ferguson et al., 2011]. Despite
research supporting that crop states depend on exogenous
weather features [Greer ef al., 2006], most specialty crop
models only use air temperature as input, limiting their ex-
pressiveness [Badeck er al., 2004]. Further, current biophysi-
cal models do not capture temporal nuances, such as how var-
ied chilling hours in winter can change dormancy release and
phenological development [Keller and Tarara, 2010]. These
limitations affect their ability to produce accurate medium
range (7-14 day) forecasts of the crop state [Reynolds, 2022].

Deep learning offers a compelling alternative to biophys-
ical modeling due to its ability to model complex, nonlin-
ear, and temporal relationships between weather variables
and crop physiological states. However, purely data-driven
models typically require large datasets and often produce bi-
ologically unrealistic predictions that violate known physio-
logical constraints on plant development, such as predicting
bud break after flowering. This makes them unsuitable for
actionable medium range forecasts [Saxena et al., 2023a].

To address the limitations of both deep learning and bio-
physical modeling for crop state forecasting tasks, we present
a hybrid approach that uses a recurrent network to dynam-
ically refine the parameters of a differentiable biophysical
crop model, based on daily weather (Figure 1). For example,
given historical weather data and phenology observations, the
network is trained to assign the base temperature for heat ac-
cumulation in the GDD model such that the calibrated GDD
model can accurately predict various phenological stages at
deployment time. To address limited per-cultivar data, we
use multi-task learning [Caruana, 1997] to share information
across cultivars and improve prediction accuracy.

While hybrid modeling techniques have been successfully
applied to a variety of physical processes [Jia et al., 2021;
Cai et al., 2021], they remain underexplored for crop state
tasks. Prior hybrid methods often approximate portions of the
biophysical model [Van Bree er al., 2025] or predict residu-
als [Vijayshankar er al., 2021]. In contrast, our approach pre-
dicts parameters of the biophysical model, thereby producing
biologically realistic and more accurate predictions.

Scope, Contributions, and Track Relevance. This work
is motivated by the operational needs of our primary
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Figure 1: Overview of our proposed method using phenology prediction as an example. In this case, seasonal phenological stages guide
vineyard management operations. Our Dynamic Model Calibration via Multi-Task Learning (DMC-MTL) approach uses a pretrained neural
network and biophsyical model to produce high fidelity and biologically realistic phenology state forecasts.. The pretrained RNN produces
daily parameter predictions (Base Temperature, Temperature Sum for Bud Break, etc.) of the Growing Degree Day (GDD) phenology model

which handles the daily stage prediction.

stakeholders—specialty crop growers in the Pacific North-
west (PNW) of the United States who face increasing risks
from weather variability and climate stress [Reynolds, 2022].
In this region, over $10 billion in annual specialty-crop pro-
duction depends on timely and accurate crop state forecasts,
including phenology and cold hardiness [Knowling er al.,
2021]. Our team includes Al experts and agricultural domain
experts who played key roles in data collection, selection of
biophysical models, and system deployment.

While our framework is broadly applicable to other crops;
the paper focuses on wine grapes as a representative specialty
crop and studies two critical crop states: phenology and cold
hardiness. We train and validate our models using grapevine
data collected in the PNW region between 1988-2025.

Our primary contributions are: (1) presenting a novel hy-
brid approach for accurate crop state forecasting by refin-
ing parameters of the biophysical model, conditioned on the
weather features; (2) formulating the crop state prediction
problem as a multi-task learning problem that leverages data
efficiently across grape cultivars; (3) presenting an in-season
adaptation variant of our model; and (4) empirical evaluations
using real-world and synthetic datasets that demonstrate our
approach’s robustness and increased accuracy over state-of-
the-art biophysical baselines; deep learning approaches, and
hybrid models. Our model has been deployed on AgWeather-
Net [WSU, 2025] which has over 26000 registered growers.

2 Background and Related Work

Hybrid Modeling of Biophysical Processes. Hybrid mod-
eling combines deep learning and mechanistic modeling to
obtain increasingly accurate and interpretable models of bio-
physical processes [Willard et al., 2023]. Physics-Informed
Neural Networks (PINNs; [Raissi et al., 2019]) encode bio-
logical constraints in the form of partial differential equations
into neural networks, enabling more accurate and biologically
realistic predictions [Karpatne et al., 2017; Karniadakis er
al., 2021]. In addition to PINNs, residual error hybrid mod-

els use a deep learning model to predict the difference be-
tween the true observation and the biophysical model predic-
tion [de Mattos Neto et al., 2022]. Process replacement hy-
brid models [Wang et al., 2023] replace a poorly understood
aspects of the biophysical model with a neural network with
wide applications to the natural sciences [Feng et al., 2022;
Shen et al., 2023]. Table 1 summarizes the characteristics of
these models along different desiderate for crop state fore-
casting tasks. Another related work is that of Unagar et
al: (2021) that use reinforcement learning for parameter cal-
ibration of a lithium battery. However, their problem setting
assumes that the next true state of the system is known, which
is untrue in our problem setting where medium range fore-
casts are needed. We adopt a supervised learning approach
and train a network to dynamically modulate the parameters
of the biophysical model in response to input features, en-
abling medium horizon forecasts.

Multi-Task Learning. When a set of tasks share similar
structure, the multi-task learning [Zhang and Yang, 2018]
framework can be used to efficiently aggregate data across
tasks. Hard parameter sharing methods share a common set
of hidden layers with unique prediction heads while soft pa-
rameter sharing methods learn unique models but regularize
weight updates to keep models similar [Ruder, 2017]. Shared
embedding spaces [Caruana, 1997] and task-specific embed-
dings [Changpinyo ez al., 2018] are viable methods for encod-
ing task-specific information. We empirically evaluate these
approaches in data-limited setting across genetically diverse
grape cultivars treated as separate tasks, assessing prediction
accuracy for all cultivars.

Machine Learning for Crop State Forecasts. Saxena et
al. (2023a) applied multi-task learning to grape bud break
prediction using a classification model. However, this model
made erroneous predictions (e.g., predicting the onset of dor-
mancy after bud break) that were inconsistent with biological
processes. Saxena et al. (2023b) framed the grape cold hardi-
ness prediction problem as a multi-task learning problem and
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. Biologically Exogenous Temporal
Modeling Approach Realistic Features Info.
Biophysical Model X X
Deep Learning X
PINN Sometimes
Residual Sometimes
Process Replacement X X
DMC-MTL (Ours)

Table 1: Modeling approaches for crop state forecasting tasks eval-
uated along different desiderata. PINN, Residual, Process Replace-
ment, and DMC-MTL are all hybrid models. Biologically realistic
means the model predictions reflect biological laws. Exogenous fea-
tures means that the model output can be conditioned on additional
weather features. Temporal info. indicates that the model can lever-
age historical input in addition to what the biophysical model uses.

used a recurrent neural network (RNN) to improve predic-
tion accuracy over the deployed Ferguson biophysical model
for cold hardiness [Ferguson ef al., 2014], demonstrating ef-
ficacy of multi-task learning to leverage data across cultivars.
Van Bree et al. (2025) proposed a process replacement hy-
brid model for bloom date in cherry trees by approximating
the temperature response function in the GDD model with
a neural network. However, their method did not consider
the effect of exogenous weather features on phenology nor
the temporal variation of heat accumulation. In contrast, our
method leverages a RNN to both encode temporal and ex-
ogenous weather information to avoid these limitations, and
demonstrates state of the art performance in predicting grape
phenology and matches grape cold hardiness while producing
biologically realistic forecasts.

3 Dynamic Model Calibration

Our problem setting and approach, Dynamic Model
Calibration with Multi-Task Learning (DMC-MTL), is in-
spired by the following observations and hypotheses: (1) crop
state prediction tasks are similar across cultivars, motivating
our multi-task approach; (2) the parameters of crop state pre-
diction models are hypothesized to vary over time based on
historical weather in addition to the daily average tempera-
ture; and (3) crop state forecasting requires biologically real-
istic and accurate predictions.

Problem Formulation. We formulate the problem of esti-
mating dynamic parameters of a biophysical model as a time
series supervised learning problem and adopt the multi-task
setting. Let M, denote the biophysical model with parame-
ters w. Let D; be the set of observed weather and daily crop
states for each crop cultivar ¢. Let S; j, be the k-th season in
D; with S; j, = {Wy, Yy, ..., Wr,Yr} where W, is the ob-
served weather feature vector and Y; is the observed crop state
on day ¢t. Given W/ C W as input (the biophysical model in-
put is lower dimensional than the total number of observed
weather features), M, predicts a crop state Y;. We train a
multi-task recurrent neural network model Fy that takes W,
and cultivar ID ¢ as input, and outputs daily parameters w;
of M. The resulting parameterized model M,,,, along with
W, is used to generate crop state predictions Y. Given time

Wo, Mo, he, o Py, Mo, AN
Two th
ﬂ» Fo Hl: Hf‘l: Fo i»
@ wo) |

Figure 2: The network architecture of our approach DMC-MTL.
The multi-task RNN (Fy) sequentially embeds cultivar i.d. ¢ and
concatenates it with the daily weather features W; to predict a pa-
rameterization w; of the biophysical model M. Using the weather
input to the biophysical model W and the daily parameterization
w, crop state forecasts Yy ... Y/, , can be generated.

series input S; ,, we use Fy and M to obtain a sequence of
parameter estimates wy, . . . wy and corresponding crop state
predictions Y, ..., Y/ (Figure 2).

3.1 Model Architecture

The proposed model architecture for DMC-MTL is com-
prised of three parts: the RNN-backbone, the multi-task
model, and the parameterization of the biophysical model.

The RNN-backbone (fy) contains two linear layers, fol-
lowed by a Gated Recurrent Unit (GRU; [Chung et al.,
2014]), and another linear layer. To support multi-task learn-
ing across cultivars, we define Fy which adds a linear embed-
ding layer before fy. This embedding layer converts a one-hot
encoding of the cultivar into a dense vector, which is concate-
nated with the daily weather feature vector W; and passed to
fo, allowing the model to incorporate cultivar-specific infor-
mation [Saxena et al., 2023b]. ReLU activations are used, ex-
cept for the final layer where a tanh activation is applied. The
output of Fp, which is in the range [—1, 1], is then rescaled to
match the parameter ranges of the biophysical model M.

Figure 2 shows the daily parameterization w; of the bio-
physical model M, the core of our DMC-MTL approach. Fy
makes causal parameter predictions by sequentially process-
ing a weather data sequence Wy, ..., Wr, generating corre-
sponding parameters w;y at each time step. These parameters
are used to parameterize M., and along with W/, to produce
phenology prediction Y/, ;.

Biophysical Model Implementation. To learn Fj, the bio-
physical model M must be differentiable and implemented
in a framework that supports gradient backpropagation. In
practice, most specialty crop state models are relatively sim-
ple and do not require advanced ordinary differential equa-
tion solvers. We additionally modify each biophysical model
so that the parameters can be updated daily by Fy before
each integration step. Parameters for the biophysical mod-
els are known to lie in specified ranges. To retain the ability
of the DMC-MTL approach to capture complex dependen-
cies among weather features, we choose large ranges for each
parameter. Parameters have biophysical meaning; the Base
Temp for Emergence parameter is the minimum temperature
required before the grapevine can exit dormancy.
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4 Extending DMC-MTL: In-Season Tuning

Collecting sufficient historical data for training accurate
DMC-MTL models is challenging and often requires many
years. In the case of insufficient data, it is beneficial to train
the DMC-MTL model with available data and then adjust
the model parameters based on in-season observations made
by growers in the field. To enable in-season adaptation, er-
ror signals are generated by comparing DMC-MTL model
predictions with sparse in-season observations such as occa-
sional measurements of bud stage or cold hardiness. These
error signals are then used to adjust future predictions of bio-
physical model parameters within the same growing season.
This continual recalibration reduces bias accumulation seen
in static prediction models and improves prediction accuracy.

When in-season observations are available, the daily pa-
rameter predictions made by the DMC-MTL approach are
adjusted by using an additional neural network conditioned
on error signals (Figure 3). While such Error Encoding
Networks (EENs) have been used for video frame predic-
tion [Henaff er al., 20171, they have not been explored for the
sparse and low-dimensional error signals available in crop
state tasks. Furthermore, EENs have not previously been ap-
plied to hybrid models, so we investigate their effectiveness in
reducing in-season predictive error and recalibrating the hy-
brid DMC-MTL model at small-to-medium horizon lengths.

Model Architecture. We use an EEN with the same model
architecture as DMC-MTL (Fy) given that observations are
sparse and different cultivars may exhibit different error pat-
terns. At each time step ¢ the DMC-MTL model makes a
prediction. If an in-season observation is available, the dif-
ference between the observation Y; and model prediction Yy
is passed to the EEN. If no observation is available, the EEN
input is zero. This is consistent with the observation that if
the DMC-MTL model makes no error, then the EEN should
not change the future model predictions of the biophysical
model parameters. We accomplish this by setting the bias
terms within the EEN network layers to zero. EEN param-
eter predictions are combined additively with the predicted
parameters by the pretrained DMC-MTL and then passed to
the biophysical model to predict the next crop state.

Training EENs. Training the In-Season Adaptation model
is a two step process. First; a DMC-MTL model is trained to
predict parameters of the biophysical model that best predict
the observed crop state. Then, the weights of the pretrained
RNN Fy are frozen while the EEN is trained. The EEN is
trained using the same training data as DMC-MTL, under the
assumption that part of the observed crop state cannot be pre-
dicted solely by weather and cultivar ID [Henaff et al., 2017].
We use historical crop state observations to mimic the avail-
ability of in-season observations in real time. We randomly
mask available observations to ensure that the EEN does not
learn rely on frequent observations for medium range fore-
casts, which may not be available at deployment time.

S Experiment Setup

The performance of our proposed DMC-MTL approach is
evaluated on two key criteria: (1) accurate and biologically
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Figure 3: In-Season Adaptation with DMC-MTL. Cultivar i.d. ¢ and
error between observed and DMC-MTL predicted crop states are
passed to the EEN. The parameters predicted by the EEN are com-
bined additively to the prediction made by DMC-MTL’s pretrained
RNN before parameterizing the biophysical model.

realistic seasonal predictions and (2) efficient data use across
cultivars. We also considered (3) how in-season data can be
used to reduce prediction error and (4) robustness to unex-
pected subseasonal weather patterns, which can be demon-
strated by evaluating a model on different weather distribu-
tion. Based on these, we design our experiments to answer
the following research questions:

Q1: (a) How does the average seasonal accuracy of DMC-
MTL compare to deployed biophysical, deep learning
and hybrid models? (b) Are predictions biologically re-
alistic?

Q2: (a) Does DMC-MTL leverage data efficiently across cul-
tivars? (b) How much per-cultivar data is required?

Q3: Do in-season crop state observations improve DMC-
MTL model predictions?

Q4: Does DMC-MTL exhibit robustness to different weather
conditions compared to other baselines?

Q5: What percentage of cultivars are accurately predicted by
each model type?

5.1 Datasets

Real-World Datasets. We use the grape phenology and
cold hardiness of 32 grape cultivars collected between 1988-
2025. Phenology (stages of bud break, bloom, and veraison)
was observed daily during the non-dormant season, and cold
hardiness was measured weekly, biweekly, or monthly during
the dormancy season. There are between eight and 21 years
of phenological data per cultivar, and between four and 27
years of cold hardiness data per cultivar (43 to 797 samples).
Pertinent historical open field weather data is sourced from
AgWeatherNet [WSU, 2025].

Synthetic Datasets. To explore the robustness of DMC-
MTL to different weather conditions, we generated datasets
with two biophysical crop models: (1) the GDD model with
31 cultivars [Solow et al., 20251, and (2) the Ferguson cold
hardiness model with 20 cultivars [Ferguson et al., 2011]. We
used historical weather data from the NASAPower database
for Washington, USA [NASA, 2025]. We also generated phe-
nology and cold hardiness observations from Vermont, Cal-
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Solution Approaches Grape Phenology Grape Cold Hardiness
DMC-MTL (Ours) 7.63 + 3.56 1.21 £ 0.39
Bio. Model (Deployed) 18.58 +5.03* 2.03 £ 0.39*
Bio. Model (Gradient Descent) 12.21 +£5.13* 1.88 + 0.42*
Qla: Deep-MTL 8.16 + 4.20" 1.30 £ 0.46
TempHybrid 9.84 £ 4.35* 3.45 £0.98"
PINN 8.61 +4.32" 1.30 £ 043
Residual Hybrid 15.01 £ 6.00* 1.49 + 0.52*
DMC-STL 9.57 £3.79* 1.62 +0.34*
DMC-Agg 9.81 +4.70" 1.51 £ 0.70*
Q2: DMC-MTL-Mult 11.97 +4.43* 1.57 £ 0.53*
DMC-MTL-Add 8.42 £ 3.56" 1.26 £ 0.41
DMC-MTL-MultiH 8.20 + 4.15" 1.34 £ 0.48"

Table 2: The average seasonal error (RMSE in days for phenology and °C for cold hardiness) over all cultivars and five seeds in the testing
set for grape phenology and cold hardiness. DMC-MTL is compared against two optimization procedures for the biophysical model, a deep
learning approach, three hybrid models, and two DMC variants. Best-in-class results are reported in bold. A * indicates that DMC-MTL
yields a statistically significant improvement (p < 0.05) using the paired t-test relative to the corresponding baseline.

ifornia, and Oregon, USA. For each biophysical model, we
generated ten years of data per cultivar using the biophysi-
cal models and historical NASA weather data. We randomly
masked 88% of the daily cold hardiness samples to resemble
the real-world dataset.

5.2 Baselines, Training and Evaluation

Baselines. We consider 11 baselines for our experiments:
(1) Deployed biophysical model—the GDD model for phe-
nology and the Ferguson model for cold hardiness that are
used by our stakeholders; (2) Gradient Descent on the bio-
physical model parameters. To the best of our knowledge, this
baseline has not been used before because the crop models
have not been written in a differentiable framework; (3) Tem-
pHybrid—a hybrid model proposed by Van Bree et al. (2025)
and adapted to the cold hardiness setting; (4) Deep-MTL—
a multi-task model that either predicts probabilities for each
phenological stage, or a continuous approximation of the cold
hardiness. Instead of a tanh activation, there was a single out-
put feature with no activation function. For cold hardiness we
used the regression model proposed by Saxena et al. (2023b);
(5) PINN—a Physics-informed neural network (PINN) with
the same architecture and activation as the Deep-MTL model,
trained with an additional loss term to weight biologically
realistic predictions [Aawar et al., 2025]1; (6) Residual Hy-
brid—a hybrid model that uses an RNN to predict the dif-
ference between the biophysical model predictions and the
observed crop state with the same network architecture as
the Deep-MTL model [Vijayshankar er al., 20211; (7) DMC-
STL—a DMC model without the embedding layer, trained
on a per-cultivar basis; (8) DMC-Agg—a DMC model with-
out the embedding layer and trained on all unlabeled cultivar
data; (9) DMC-MTL-Mult—a DMC-MTL variant that uses
a multiplicative embedding; (10) DMC-MTL-Add—a DMC-
MTL variant that uses an additive embedding; (11) DMC-
MTL-MultiH—a DMC-MTL variant that uses per-task pre-
diction heads.

Baselines 1-6 to evaluate the efficacy of our approach
against the biophysical, hybrid and deep learning baselines.
Baselines 7-11 evaluate the efficacy of multi-task learning.

Model Training Protocol. = For all experiments, we split the
available grape cultivar'data into training and testing sets. To
build the test set, we withheld two seasons of data per cultivar
from the training set. For the cultivars with the least amount
of data, this resulted in two years of data in both the train-
ing and testing sets. Hyperparameters were selected using a
validation set consisting of one season per cultivar.

Every model was trained for 400 epochs using a learning
rate of 0.0002. We decreased the learning rate by a factor of
0.9 after a 10 epoch plateau of the training loss. For the deep
learning phenology model we used Cross Entropy loss and
used PINN loss for the PINN hybrid model with p = 0.5. For
all other models, we used mean squared error loss function,
masking days that did not have a ground truth observation.

Evaluation Protocol. We trained each model five times
with different data splits and reported the average root mean
squared error (RMSE) across cultivars on the test sets. For
phenology, the RMSE was the cumulative error in days over
the predictions for bud break, bloom, and veraison. For cold
hardiness we reported the RMSE in degrees Celsius over all
unmasked samples during the testing year.

6 Results and Discussion

Qla: Average Performance of DMC-MTL. Table 2
shows the average RMSE values for grape phenology and
cold hardiness predictions using different approaches, across
32 cultivars. The results show that DMC-MTL dramatically
outperformed the biophysical models that are currently used
by growers in PNW region—the GDD model for phenology
and Ferguson model for cold hardiness. DMC-MTL also im-
proved over gradient descent optimization for both phenol-
ogy and cold hardiness. These results indicate the importance
of better optimization procedures for crop model calibration,
and how DMC-MTL can improve upon standard practices.
Further, DMC-MTL improved upon the Deep-MTL, Tem-
pHybrid, PINN, and Residual Hybrid models, demonstrating
the importance of dynamic parameterization, inclusion of ex-
ogenous weather features, and temporal information. We per-
formed the paired t-test aggregated over all cultivars to con-
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Figure 4: DMC-MTL, Classification, and Regression model predic-
tions for (a) grape phenology and (b) grape cold hardiness. DMC-
MTL makes biologically realistic predictions while deep learning
model predictions do not always respect biologicaly laws.

firm when our DMC-MTL performance improvements were
statistically significant (p < 0.05). Overall, our results indi-
cate that our hybrid modeling approach is more accurate and
reliable for predicting crop state tasks.

Q1b: Biological Realism. Biologically realistic predic-
tions are critical for interpreting medium-range forecasts that
growers rely on to plan their vineyard operations. Figure 4
shows that Deep-MTL model incorrectly predicts bloom, re-
verts to bud break, then re-enters bloom three days later. Sim-
ilarly, for cold hardiness, Deep-MTL overestimates the bio-
logically plausible cold hardiness early in the growing season.
In contrast, our DMC-MTL consistently makes biologically
realistic crop state predictions.

Q2a: Multi-Task Data Sharing. Results in Table 2 show
that DMC-MTL outperforms DMC-STL and DMC-Agg,
demonstrating that both single-task learning and naive aggre-
gation are insufficient for these crop state prediction tasks.
Other implementations of multi-task learning (DMC-MTL-
Mult/Add/MultiH) exhibited lower prediction accuracy com-
pared to DMC-MTL. These results’ demonstrate that our
learned one-hot concatenation embedding approach best en-
coded task-specific information, thereby efficiently leverag-
ing data between cultivars.

Q2b: DMC-MTL Data Requirements. To evaluate the
per-cultivar data requirements of DMC-MTL and compare
its data efficiency to other models, we vary the number of
seasons of available per-cultivar data from one to 15 during
training. Our results in Figure 5 show that the average er-
ror decreases across all model types, as more data becomes
available. While biophysical models seem to perform better
in the low data regime, the deep models perform better with
more data. In contrast, DMC-MTL outperforms both meth-
ods across the entire range of data sizes.

Q3: In-Season Adaptation with In-Field Observations.
We evaluate the in-season adaptation approach against DMC-
MTL by incorporating real-time in-field data. Using the
same training data and protocol as the DMC-MTL models,
we trained the in-season adaptation models with increasing
amounts of per-cultivar data. Figure 6 shows the performance
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Figure 5: The performance of DMC-MTL models compared to deep
learning and biophysical models under limited per-cultivar training
data for grape phenology (Pheno) and cold hardiness (CH). Results
are averaged over five seeds using the same two-seasons-per-cultivar
evaluation sets.
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Figure 6: Performance of the base DMC-MTL with increasing per-
cultivar data compared to the performance of the DMC-MTL with
the additional in-season adaptation training for grape phenology
(Pheno) and cold hardiness (CH). Results averaged over five seeds.

on the same testing data. By using the in-season observations
to refine parameters predicted by the DMC-MTL model, the
EEN yields the most benefit where DMC-MTL prediction er-
rors are highest (the most data-limited settings). With only
one season of data per cultivar, in-season adaptation reduces
error by over 25%, enabling more actionable forecasts. As
DMC-MTL accuracy improves when additional data is avail-
able during training, the benefit of the EEN diminishes, indi-
cating that in-season adaptation is most valuable when histor-
ical per-cultivar data is scarce. Furthermore, this approach is
only viable when we cannot overfit the model to the training
data as is the case when observations are subjective and noisy
in the phenology and cold hardiness domains.

Q4: Robustness to Differing Weather Conditions. Cur-
rent crop models are calibrated on a site specific basis, lim-
iting their applicability to regions with sufficient historical
data. Further, they assume that weather conditions will re-
main consistent and do not account for extreme weather
events which is critical for broader adoption. To evaluate
our approach’s robustness to varying weather conditions, we
trained models on synthetic data from Washington, USA, and
evaluated them on data from Vermont, Oregon, and Califor-
nia, which have moderately similar weather patterns. Exper-
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Phenology cold hardiness
Approach WA (Train Loc.) VT CA WA (Train Loc.) VT CA OR
DMC-MTL 59+27 88+56 304+£93 17.7+0.5 0.42+0.28 0.76 £0.31 1.37+0.16 3.59 4+ 0.24
Deep-MTL 6.1 3.0 962+ 108 120.+14 780+1.9 0.34 £0.22 598 +1.57 6.01 £0.07 3.73 £0.46
PINN 53£29 605+142 59.8+13 584439 039+023 486+ 141 8.38+0.25 4.024+0.40
TempHybrid 64+£52 9734+162 118. £20. 83.0+ 18. 425+098 5.60+098 8.57+1.14 643+ 1.33

Table 3: RMSE (days and °C') for grape phenology and cold hardiness respectively, evaluated on unseen data sampled from the training
location (WA) and from locations with a moderately similar weather (Vermont, California, and Oregon). Results averaged over five seeds.

- DMC-MTL - Deep-MTL
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PINN-MTL -« Blophysmal Maodel

50
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100 A

% of Cultivars Satisfying the Desired
Prediction Confidence Threshold

0.0 05 10 15 20 25
Confidence Threshold: (a) RMSE in days, (b) RMSE in *C

Figure 7: Percentage of all cultivars with cumulative error below
a given RMSE threshold modeling a grape grower’s tolerance for
model prediction error. Results are reported over five seeds for (a)
phenology and (b) cold hardiness.

iments were performed using synthetic phenology and cold
hardiness datasets. Table 3 shows the cumulative RMSE in
days on the Washington test set and Vermont, Oregon, and
California test sets. While all models performed similar on
the Washington test set, deep learning and other hybrid mod-
els produced large errors on the Vermont, Oregon, and Cal-
ifornia test sets. In contrast, DMC-MTL had a marginal in-
crease in error on the test set, demonstrating robustness to
varying weather conditions and its ability to produce usable
predictions in unseen weather conditions.

QS5: Accuracy of Per-Cultivar Predictions. While DMC-
MTL substantially reduces prediction error compared to bio-
physical models, its practical adoption depends on growers’
error tolerance. To assess the potential model use, we evalu-
ate the proportion of cultivars with RMSE below predefined
thresholds, reflecting varying tolerance levels. We vary the
RMSE tolerance threshold in the range [0, 2.5] for cold har-
diness and [0, 30] for phenology. Our results in Figure 7
show that DMC-MTL consistenly performs better than the
baselines for both phenology and cold hardiness. In addi-
tion, DMC-MTL’s biologically realistic predictions position
its medium range forecasts to be predicted unambiguously,
positioning it to be widely used in the field.

7 Deployment of DMC-MTL Models

DMC-MTL models for grape phenology were recently de-
ployed on AgWeatherNet [WSU, 2025] for the 2026 grow-
ing season. Figure 8 is a screenshot of the user interface

Grape Growth Stages
Roza.2 - Cabernet Sauvignon - 2025
April May June July August

¥ Hybrid Model

Bud Break o

Apr23
Full Bloom 'Y
Jun9
Veraison )
Aug 10

v Zapata Model - W Apr 20 - Aug 11

Full Bloom I

Figure 8: Screenshot of the publicly accessible user interface on
AgWeatherNet. The weather station-specific phenology forecasts
during the 2025 season for the Cabernet Sauvignon cultivar of the
Zapata (GDD-based biophysical model) are compared with the hy-
brid (DMC-MTL) model.

visible to growers, showing our model predictions for a spe-
cific weather station and grape cultivar (Cabernet Sauvignon)
and that of the Zapata model (a GDD-based model that we
compared against in Table 2) [Zapata er al., 2017]. Stake-
holders in the PNW widely use AgWeatherNet and will have
access to both DMC-MTL and biophysical model forecasts
to inform their vineyard operations which we will monitor
for long-term impact. Continued analysis of deployed DMC-
MTL models will provide insights to viticulturists on our in-
terdisciplinary team to better understand the shortcomings of
deployed biophysical models and improve understanding of
grape phenological development. Outputs of all models are
monitored for consistency and advice is posted in the case of
rare climactic events that yield unexpected model predictions.

8 Conclusion and Future Work

We present a novel deep learning method that predicts the pa-
rameters of biophysical models. Our results show that lever-
aging the benefits of both deep network architecture and bio-
physical models can outperform both methods individually.
In very data-limited settings, our in-season adaptation method
provides growers with a more accurate prediction tool that is
especially beneficial when waiting for more data is not feasi-
ble. Future work will aim to develop uncertainty quantifica-
tion methods for crop state prediction with our hybrid model-
ing framework and expand predictions to additional regions.
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