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Abstract

From households to scientific environments, edge-AI systems are
increasingly present in the modern computing paradigm. These
systems are often subject to performance degradation caused by
distribution changes, sensor drift, and persistent hardware faults.
Existing approaches lack support for stable on-chip backpropaga-
tion under fixed-point arithmetic. To bridge this gap, we present
Enabol, an extension to the widely adopted high-level synthesis
toolchain hls4ml to design stable fixed-point backpropagation. By
implementing a per-layer operator-norm projection constrained to
a global Lipschitz budget, Enabol enforces stability by provably
bounding weights and gradients throughout training. Enabol fully
automates gradient computation, weight updates, and batch-level
control, substantially lowering the barrier for on-chip learning and
hardware–algorithm co-design. We evaluate Enabol through a
practical deployment workflow: models are pretrained in software,
deployed to hardware, and then fine-tuned on-chip to recover per-
formance under post-deployment shifts and faults. Our experiments
span benchmarks evaluated on both MLPs and CNNs, demonstrat-
ing that Enabol achieves resilient edge adaptation under deter-
ministic fixed-point operation, establishing a stable foundation for
autonomous on-device learning.
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1 Introduction

While on-device inference is now ubiquitous for edge-AI systems,
ranging from mobile devices to scientific platforms, it remains gov-
erned by real-time latency, power, and bandwidth constraints [12,
28, 51, 53, 62]. Conversely, on-device training, particularly using
fixed-point arithmetic, remains significantly less explored. Most
deployed models continue to operate with frozen weights or only a
minimal set of fine-tuning parameters [22, 25, 32, 48].

The advent of autonomous on-edge learning would unlock seam-
less continuous adaptation [24, 46, 61]. This capability is essential
for real-time personalization, drift compensation in long-term de-
ployments, and maintaining robustness in dynamic environments.
However, hardware-level implementation remains challenging, as
fixed-point training must reconcile the inherent low-precision insta-
bility with resource limitations of edge devices. The main numerical
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failure mode is unbounded gain. Fixed-point datapaths can amplify
signals through chained affine blocks until activations, weights, or
gradients saturate. Once values hit the rails, updates either explode
or vanish, causing learning to stall—not because the task itself is
difficult, but because precision collapses. As a result, controlling
per-layer gain is a core design challenge for stable on-device train-
ing.

We introduce Enabol, a task-agnostic hardware backpropaga-
tion framework that maintains bounded activations, weights, gra-
dients, and updates throughout fixed-point computation. Enabol
constrains the function class through a per-layer operator-norm
projection, which limits amplification within each weight matrix
and collectively enforces a global Lipschitz budget. This yields a
1-norm Lipschitz network, ensuring that small perturbations to in-
puts or weights produce proportionally small changes in outputs. In
practice, Enabol enforces per-layer induced-norm bounds—∥𝑊𝑙 ∥∞
for forward sensitivity and ∥𝑊𝑙 ∥1 for backward sensitivity—via a
post-update projection step we call 𝜅-budgeting.

To support these bounded updates directly in hardware, Enabol
extends the High-Level Synthesis (HLS) based tool flow hls4ml [17]
from inference-only accelerators to in-hardware trainable accel-
erators. Our framework introduces design automation for differ-
entiable operators, loss modules, gradient buffers, and autograd
definitions for backpropagation computation. The hls4ml pipeline
becomes capable of producing trainable hardware under explicit
induced-norm budgets with a single configuration flag:

trainable=True

We deliberately avoid auxiliary activation clipping or special nonlin-
ear caps;𝜅-budgeting alone keeps internal signals inside fixed-point
envelopes, reducing knobs and simplifying the RTL.

Our evaluation workflow consists of scenarios where models
are exposed to post-deployment shift. We first robustly pretrain
in software, and then deploy to fixed-point hardware. Once in
situ, we fine-tune on-chip to recover lost performance. Our experi-
ments span multiple datasets and architectures, includingMLPs and
CNNs. We consider both affine drift and persistent sensor-column
failures as representative forms of correlated, realistic degradation.
Enabol on-chip fine-tuning consistently improves accuracy (by
21.9 absolute percentage points on average, with the largest gains
exceeding 35 absolute percentage points), while preserving deter-
ministic fixed-point operation and compatibility with the original
accelerator deployment flow. This corresponds to an average of 59%
of the lost accuracy being recovered on average across all scenarios
and 92% of lost accuracy recovered in the best case. We further
demonstrate that these capabilities are immediately realizable on
mid-range FPGAs alreadywidely deployed in scientific instrumenta-
tion, industrial control, and edge AI—requiring no exotic hardware,
no off-chip training infrastructure with substantial data movements,
and no changes to the standard hls4ml deployment workflow.
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2 Related work

In-Hardware Training: A large fraction of prior work focuses
on handwritten RTL of backpropagation structures for a specific
network architecture [18, 33, 34, 60]. Other works have proposed
backpropagation-like schemes in mixed-signal or neuromorphic
hardware using analog synaptic devices [26, 41, 49, 58], low-precision
float-point quantization [50, 55], or embedding reprogrammable
registers on-chip [14, 39, 57]. Surveys analyzed energy-efficient
on-device training accelerators and systems [28, 44, 63].

Bounding Training in Software: Early methods to stabilize
training in software under adversarial or generative regimes relied
on weight clipping [3]. While simple, this elementwise clipping is
known to distort descent directions and harm convergence. Thus,
gradient penalty quickly supplanted it [21]. Reparameterizations
such as weight normalization decouple length from direction and
speed up convergence but do not enforce absolute bounds on am-
plification [42]. Direct operator-norm control or Parseval networks
improve robustness [10, 31], yet typically assume floating-point
math and iterative norm estimation.

Quantized and low-precision training: A large body of work
shows that end-to-end training tolerates aggressive precision when
quantization error is controlled statistically using techniques such
as RangeBatchNorm [5], adaptive fixed-point backpropagation [59],
debiasing to recover convergence during ultra-low bit training [8,
45], and optimizer-state quantization [13].

None of these works, however, provide a bounded, stable route to on-
chip backpropagation, nor do they offer automation and integration
within the ML accelerator design toolflows to target general network
architectures.

Our Contributions

No prior in-hardware learning framework combines:
A hardware-exact 𝜅-budgeting scheme that projects each

weight matrix into an induced-norm ball with power-of-two rescal-
ing, so it compiles directly to ap_fixed shifts.

A global Lipschitz budget that allocates per-layer 𝜅ℓ under a
target

∏
𝑙 𝜅𝑙 , so sensitivity is bounded network-wide rather than

layer by layer in isolation.
A fully automated HLS workflow for on-chip learning

that inserts backward operators, gradient buffers, and 𝜅-projectors
into existing hls4ml-style accelerator design pipelines, enabling
deployment-compatible adaptation.

Adeployment-realistic validation of resilient on-chip adap-

tation in which pretrained models are fine-tuned directly in fixed-
point hardware to recover performance under structured post-
deployment shift, including affine drift and persistent sensor-column
failures, across multiple datasets and architectures.

Enabol is the first design framework to generate in-
hardware training structures that combine deterministic
bounded fixed-point backpropagation, explicit operator-
norm control, and an automated HLS-based path to post-
deployment on-chip adaptation.

3 Methodology

Our overarching goal is to make fixed-point training in hardware
behave like a well-damped control loop: every layer’s forward gain
and backward sensitivity are explicitly budgeted, every update is
maintained within those budgets, and the whole stack respects a
global limit on amplification. We achieve this with 𝜅-budgeting, a
pair of induced-norm caps per layer (one for the forward map, one
for backpropagation), enforced as cheap, integer, post-update pro-
jections. The result is a numerically stable, hardware-exact learning
rule that translates directly into ap_fixed shifts and saturating adds,
without auxiliary floating-point paths or stochastic rounding.

3.1 Layer activation and gradient norms

An affine1 block 𝑧out =𝑊𝑧in + 𝑏 is a linear map with worst-case
bound ∥𝑧∥out∞ during forward pass defined by the propagation of
the bounds of the input map ∥𝑧∥in∞, and the ℓ∞ operator norm (max
row-sum) ∥𝜃 ∥∞ of parameters 𝜃 = {𝑊,𝑏}, as shown in Eq. (1).
During backpropagation, the worst-case amplification of the up-
stream gradient ∥𝑔∥up∞ is captured by the ℓ1 norm (max absolute
column-sum) ∥𝑊 ∥1 of the weight matrix𝑊 , as shown in Eq. (2).

∥𝑧∥out∞ ≤ ∥𝑊 ∥∞∥𝑧∥in∞ + ∥𝑏∥∞ ∥𝑊 ∥∞ =max
𝑗

∑︁
𝑖

|𝑊𝑗𝑖 | (1)

∥𝑔∥up∞ ≤ ∥𝑊 ∥1 ∥𝑔∥down∞ ∥𝑊 ∥1 =max
𝑖

∑︁
𝑗

|𝑊𝑗𝑖 | (2)

3.2 Per-layer 𝜅 budgets

Since the norms ∥𝑧∥out∞ and ∥𝑔∥up∞ depend on the norms of the layer’s
internal parameters, imposing a budget on 𝜃 enforces, by construc-
tion, a limit precisely on the former values. Similarly, stacking
layers sequentially simply multiplies these gains, and introducing
local caps for each layer’s parameters also guarantees that rails are
capped globally. Hence, we introduce three budget values, one for
each of the constraints we need to impose onto the parameters:
𝜅∞, 𝜅1 and 𝑏∞. These parameters are defined as a safe fraction 𝜌 of
the rails of the precision for the parameter being constrained (e.g.,
for a parameter stored using an ap_fixed<2,0> precision, its rail is
𝑅 = 1, and thus one could set 𝜅 = 𝜌 𝑅). Hence, prior to synthesis
and deployment, and most importantly given the bounds for input
∥𝑥 ∥∞ and output ∥𝑦∥∞ expected for the model, Enabol computes the
rails for each activation and parameter in the model, for both the
forward and backward loops, such that each 𝜅 budget is established
for each layer, a safe distance2 𝜌 away from each parameter’s rails.

3.3 Projection operators

After each training update, we check whether any parameter’s
budget has been exceeded and if necessary, we project the layer
back into its budget. Applying our 𝜅-budgeting means that, at any
time, Eq. (3) must always hold. For the forward cap, we scan each
output row: if its absolute row-sum ∥𝑊 ∥∞ exceeds 𝜅∞, we rescale
that row uniformly by a power of two so the new sum falls just
under the cap 𝜅∞. We do exactly the same with the bias 𝑏. For the

1Note that the formulation is equivalent for other types of weight layers such as convo-
lutional or batch-normalization. Even though we introduce dense layers (affine maps)
for its simplicity and for clarity here, the caps induced by our budgeting technique
hold for any type of linear weight layer.
2A 𝜌 = 1 value –no headroom– is not advisable, since during updates and just before
projection, 𝜃 would indeed exceed the rails, thus distorting the gradient 𝜕𝜃 L.
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Figure 1: Enabol toolchain flow and integration with the hls4ml ecosystem.

backward cap, we apply the column-wise projection to weights
(exact ∥𝑊 ∥1 control). In practice, we implement this projection as
a right-shift operation to avoid extra DSPs and divisions.

∥𝑧 (𝑙 ) ∥∞ ≤ 𝜅
(𝑙 )
∞ ∥𝑧 (𝑙−1) ∥∞ + ∥𝑏 (𝑙 ) ∥∞ ∥𝑔 (𝑙−1)𝑧 ∥1 ≤ 𝜅

(𝑙 )
1 ∥𝑔

(𝑙 )
𝑧 ∥1 (3)

3.4 A global Lipschitz budget

Amap 𝑓 is 𝐿-Lipschitz when |𝑓 (𝑥) − 𝑓 (𝑦) | ≤ 𝐿 |𝑥 −𝑦 |. The Lipschitz
constant 𝐿 quantifies how much the function can amplify signals
or perturbations. For differentiable networks, this is equivalent to
bounding the Jacobian operator norm sup𝑥 |𝐽𝑓 (𝑥) | ≤ 𝐿; for linear
layers3 , the constant reduces to the induced matrix norm ∥𝑊 ∥★→★.
Common pointwise activations such as ReLU and LeakyReLU are 1-
Lipschitz, so the Lipschitz constant of amultilayer network becomes
the product of per-layer norms. Constraining this constant prevents
exploding activations and gradients and offers a mathematically
grounded mechanism for ensuring stability — especially important
for quantized or fixed-point on-chip training.

𝐿∏
𝑙=1

𝜅
(∞)
𝑙
≈ 𝐿

(fwd)
target

𝐿∏
𝑙=1

𝜅
(1)
𝑙
≈ 𝐿

(bwd)
target (4)∑︁

𝑙

Δ𝑙 ≈ log2
𝐿target∏
𝑙

𝜅𝑙
𝜅𝑙 ← 2Δ𝑙𝜅𝑙 Δ𝑙 ∈ {−1, 0,+1} (5)

Local caps prevent any single layer from running hot; the global
product protects the entire network. We maintain a target 𝐿target for
the forward and the backward pass and allocate per-layer budgets
{𝜅𝑙 } so their product stays near that target, as shown in Eq. (4).
Layers that consistently push the envelope of their caps (e.g., 95th
percentile of row/column sums above a threshold) receive one extra
bit of budget (cap doubled); under-utilized layers give one bit back.
A one-bit change avoids chattering while reacting to drift. This
update rule is implemented with a scheduler following Eq. (5).

3.5 Fixed-point bounded training loop

We accumulate per-sample gradients in widened, saturating reg-
isters; average by a right-shift of log2 𝐵 at batch end (with 𝐵 as
3 The bound holds for affine layers, pooling, and pointwise 1-Lipschitz activations. Lay-
ers with unbounded Jacobians (e.g., poorly conditioned normalizations or unbudgeted
attention blocks) require their own 𝜅-caps and are outside this scope.

the batch size); and pass the averaged gradients to the optimizer
(SGD/Adam) in fixed point. Before applying the update to 𝜃 , we
throttle the step if the implied post-update row-sum would exceed
the caps, as introduced in Section 3.3. This throttling is applied using
base-2 exponents of every hyperparameter, as shown in Eq (6), so
everything can be implemented using shift operations. The update
for the bias 𝑏 is applied analogously.

𝑊𝑗,(:) ← 2−𝑘 𝑗𝑊𝑗,(:) 𝑘 𝑗 =max
(
0,

⌈
log2 ∥𝑊𝑗,(:) ∥∞

⌉
−
⌈
log2 𝜅∞

⌉ )
(6)

Figure 2 visualizes a trainable neural network generated by En-
abol. The upper path is the forward pass. On the right, we depict 𝜅
calculations during the forward pass. These are then used in back
pass shown in the lower path. The loss (L), labels (𝑦), batch size (𝐵),
and learning rate (𝜂) are used to calculate gradients of the weights
and biases. These values propagate backwards through each layer.

3.6 Stability Guarantees on Hardware

Every safety action — averaging, throttling, projection, and even
global re-allocation — is a right-shift with round-to-nearest plus a
saturating cast. Because we use a single rounding point per sink,
AP_SAT overflow, and integer control logic, the behavior is deter-
ministic and fully reproducible. Most importantly, the forward and
backward maps never exceed their budgets, so the fixed-point dy-
namic range chosen at synthesis remains valid throughout training,
including under optimizer transients and data drift.

3.7 System integration: a one-flag extension

Figure 1 depicts the integration of Enabol with hls4ml and the com-
plete HLS flow. Users retain the familiar YAML/JSON configuration,
adding a single option

trainable: True

which enables on-chip backpropagation under Enabol’s stability
measures. The extension supports:

(1) Full on-chip learning (all trainable weights/biases).
(2) Selective fine-tuning by per-layer toggles to enable learn-

ing on only selected layers after software pre-training (e.g.,
LayerX.trainable=False ).
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Figure 2: Enabol forward and back propagation architecture supporting budgeting.

(3) Deterministic fixed-point execution (user-specified
ap_fixed formats) with explicit bounds on all internal signals.

Hardware hooks: At synthesis time, Enabol inserts:
• Per-layer norm projectors (accumulate ℓ2 norms, reciprocal-
sqrt, vector rescale); power-of-two scaling.
• Budget controller (epoch-rate updates): maintains per-layer
𝜅𝑙 and a global target

∏
𝑙 𝜅𝑙 ≈ 𝐿target via integer counter-

s/percentiles + hysteresis.
These modules are clock-gated between updates and re-use existing
DSPs/BRAMwhere possible. The driver API mirrors hls4ml (stream
I/O, DMA), so migrating from inference only to trainable hardware
requires no redesign.

4 Theoretical guarantees

Let S denote the capped manifold: the set of parameters for which
all per-layer forward and backward budgets hold. With bounded
inputs ∥𝑥 ∥∞ and bounded loss derivatives ∥L(𝑥,𝑦;𝜃 )∥∞, the follow-
ing statements formalize bounded activations/gradients, bounded
parameter increments, and the invariance of S under the throttled
update plus projection presented in this paper.

Lemma 1 (Bounded activations and gradients). If ∥𝑊 (𝑙 ) ∥∞≤
𝜅
(𝑙 )
∞ and ∥𝑏 (𝑙 ) ∥∞≤𝛽𝑙 , then activations remain bounded as in Eq. (7).
If ∥𝑊 (𝑙 ) ∥1 ≤ 𝜅 (𝑙 )1 and the output gradient is bounded in ℓ1, then
upstream gradients are also bounded and satisfy Eq. (8). This en-
capsulates the core safety property: forward and backward amplifi-
cation cannot exceed the product of per-layer budgets, so neither
activations nor gradients can explode in fixed-point.

∥𝑧 (𝐿) ∥∞ ≤
( 𝐿∏
𝑙=1

𝜅
(𝑙 )
∞

)
∥𝑧 (0) ∥∞ +

𝐿∑︁
𝑟=1

( 𝐿∏
𝑙=𝑟+1

𝜅
(𝑙 )
∞

)
𝛽𝑟 (7)

∥𝑔 (0) ∥1 ≤
( 𝐿∏
𝑙=1

𝜅
(𝑙 )
1

)
∥𝑔 (𝐿) ∥1 (8)

Lemma 2 (Bounded parameter increments). The integer throt-
tling step 𝑠 𝑗 in Eq. (9) guarantees that the scaled update Δ𝑊 (𝑙 )

𝑗,(:) =

2−𝑠 𝑗𝜂 Δ𝑊 (𝑙 )
𝑗,(:) cannot violate the row-wise budget, as stated in Eq. (10).

𝑠 𝑗 =max
(
0, ⌈log2 ∥𝑊𝑗,(:) ∥1⌉ − ⌈log2 𝜅∞⌉

)
(9)

𝑊 (𝑙 )

𝑗,(:) − Δ𝑊
(𝑙 )
𝑗,(:)




1 ≤ 𝜅

(∞)
𝑙

(10)

Corollary 1 (Positive invariance of S).We define the nonneg-
ative “distance-to-cap” functional V in Eq. (11), where [·]+ rep-
resents the ReLU operator. Under one Enabol step, V is non-
increasing and decreases strictly whenever any cap is exceeded;
hence S is positively invariant.

V(𝑊,𝑏) =
∑︁
𝑙

[
𝑊
(𝑙 )
∞ − 𝜅 (𝑙 )∞ +𝑊 (𝑙 )

1 − 𝜅 (𝑙 )1 + ∥𝑏
(𝑙 ) ∥∞ − 𝛽𝑙

]
+

(11)

Lemma 3 (Bounded Jacobian; no gradient explosion). Let 𝐽𝜃
represent the Jacobian of the network with respect to its inputs and
parameters 𝜃 . Under the caps, the forward Jacobian and parameter
gradients are bounded as in Eq. (12) — where 𝜅

(𝑙 )
★ denotes 𝜅 (𝑙 )∞

or 𝜅 (𝑙 )1 and Φ collects bounded data and loss terms–, thus ruling
out gradient explosion in fixed-point and bounding the per-step
parameter motion under the throttled update.

∥ 𝐽𝜃 ∥★ ≤
𝐿∏
𝑙=1

𝜅
(𝑙 )
★ , ∥∇𝜃L∥ ≲

( 𝐿∏
𝑙=1

𝜅
(𝑙 )
★

)
Φ(𝑥,𝑦) (12)

Corollary 2 (Deterministic safety; projected convergence).

With AP_SAT arithmetic, widened accumulators, and integer round-
ing, all intermediate quantities remain bounded by Eqs. (7)–(12). In
convex settings (e.g., a single affine layer with MSE), the Enabol
step reduces to projected gradient descent onto S and converges
to the constrained minimizer:

𝜃𝑡+1 =
∏
S

(
𝜃𝑡 − 𝜂𝑡∇L(𝜃𝑡 )

)
→ argmin

𝜃 ∈S
L(𝜃 ). (13)

For general deep networks, 𝜅-budgeting guarantees stability .
Convergence to stationary points under standard smoothness and
step-size assumptions can then be analyzed via the usual nonconvex
(projected) gradient descent theory [7, 19, 27].
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5 Experiments

We evaluate Enabol in a deployment-oriented setting where a
model is pretrained in software, deployed to fixed-point FPGA
hardware, and then fine-tuned on-chip to recover performance after
post-deployment accuracy degradation. Our results demonstrate
that (i) training remains stable in fixed point, and (ii) the accelerator
hardware can restore useful performance even if it is exposed to
input distributions that deviate from the design-time conditions.

(i) Dynamic Condition: Structured affine drift.
Our first scenario depicting dynamic variation is a correlated affine
drift of the input stream. For an input sample 𝑋 , the deviation in
the input is defined as

𝑋 ← clip(𝑎𝑋 + 𝑏, 𝑋min, 𝑋max)
where the gain 𝑎 and bias 𝑏 control the severity of the drift and the
clipping operation enforces the valid sensor or datatype range. This
perturbation models structured changes such as gain mismatch,
calibration drift, saturation, or slowly varying operating condi-
tions. Figure 3 illustrates representative examples of such variation
across image and audio modalities for 3 of the 4 datasets used.

(ii) Persistent localized sensor failure.
Our second mode of variation in the operating environment reflects
localized persistent sensor-column damage, in which one or more
input columns are permanently zeroed across all subsequent sam-
ples. Unlike affine drift, which shifts the statistics of the entire input
in a correlated way, this corruption removes localized information
from a fixed spatial region and therefore models sensor hardware
defects such as damaged readout columns or persistent acquisition
artifacts. An example of this effect on images is shown in Figure 6,
on top of each bar.

Figure 3: Structured affine drift with clipping, illustrating correlated

gain and bias distortion across modalities.

These dynamic variation scenarios are intentionally different
from uncorrelated stochastic perturbations such as i.i.d. Gaussian
noise. Random environmental noise can often be characterized in
advance and incorporated into calibration or offline model training.
In contrast, affine drift and persistent sensor faults are structured,
persistent, and deployment-specific, making them harder to antici-
pate accurately at design time and therefore more appropriate for
evaluating post-deployment adaptation.

In such settings, relying only on reprogrammable inference hard-
ware would typically require collecting degraded data, storing or
transferring it to a host processor, retraining offline, and then reload-
ing updated weights into the device. That workflow is not only
cumbersome, but in many edge AI deployments it can be opera-
tionally impractical due to latency, bandwidth, storage, uptime, or
privacy constraints. Enabol instead enables this adaptation step to
occur directly on-chip within the same bounded fixed-point acceler-
ator flow, without requiring repeated offline retraining or external
weight reprogramming.

5.1 Tasks and benchmarks

To evaluate Enabol across a representative range of deployment
conditions, we consider both image and audio workloads, and pair
them with both MLP and convolutional neura; network (CNN)
models, as summarized in the table below. FashionMNIST [54]
and MedMNIST/Path [56] represent visual classification tasks with
different image structure, from clothing silhouettes to biomedi-
cal tissue patterns. JetTagging [35, 37, 38] represents a structured
scientific tabular task evaluated with an MLP, while Multilingual
Spoken Words Dataset (MSWC) [30] provides a keyword-spotting
in speech workload evaluated with a CNN. Together, these tasks
span multiple data modalities, feature structures, and model classes.

Dataset Input type Model Task & purpose

FashionMNIST Grayscale image CNN Visual drift recovery
MedMNIST/Path Biomedical image CNN Drift & sensor-fault recovery
JetTagging Scientific tabular MLP Non-image shift adaptation
MSWC Audio / spectral CNN Non-image CNN adaptation

Models are built in TensorFlow/Keras, pretrained in software,
and then passed through the Enabol+hls4ml workflow to generate
HLS-ready training testbenches and fixed-point hardware imple-
mentations. During evaluation, csim executes the full hardware

Figure 4: Loss and 𝜅 row/column scaling evolution for fine-tuning

MedMNIST/Path under 0.25 drift case in hardware.
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training loop as an independent fixed-point learner. A budgeting
pass assigns ap_fixed datatypes across activations, gradients, accu-
mulators, and updates under the global 𝜅-constraint, after which
the validated designs are synthesized for a Xilinx® Kintex FPGA
representative of a mid-range FPGA device used in edge AI deploy-
ment. For a more detailed comparison, we have also synthesized
these designs onto other FPGA families.

5.2 Post-deployment data drift and recovery

We first evaluate recovery under the structured affine drift intro-
duced above. Figure 5 summarizes the resulting recovery in accu-
racy across four workloads: MedMNIST/Path and FashionMNIST
using CNNs, JetTagging using an MLP, and MSWC using a CNN.

Figure 5: Recovery under structured affine drift after on-chip

fine-tuning with Enabol.

In all cases, the beige bars indicate the degraded accuracy ob-
served when the pretrained model is evaluated directly under drift,
while the purple bars show the accuracy recovered after on-chip
fine-tuning with Enabol; the red dotted line denotes the original
no-drift reference accuracy of software training.

For MedMNIST/Path, as drift severity increases, the pretrained
model drops its performance from the original 72.0% reference to
33.2%, 26.0%, and 22.2%, respectively. Enabol recovers the perfor-
mance back to 67.4%, 61.3%, and 52.2%, respectively. In the strongest
case, this approximately doubles the degraded accuracy, improv-
ing it from 33.2% to 67.4%. Figure 4 illustrates the evolution of
in-hardware training under 0.25 drift. The top graph illustrates the
loss and achievement of convergence. The bottom subplot shows
the 𝜅 budgeting interventions. The row scale (𝜅∞) represents the
scaling applied to the weights, per row, such that the total gain
remains within boundaries; while the col scale (𝜅1) represents the
scaling applied per column, such that gradients stay within a safe
margin for backpropagation.

FashionMNIST shows the same trend, dropping from the original
accuracy of 98% to degraded accuracies of 78.5%, 64.4%, and 51.1%
and recovering back to 83.0%, 80.5%, and 80.4% upon retraining. Jet-
Tagging and MSWC also show consistent recovery, demonstrating
that the effect is not limited to image tasks and extends to structured
tabular and audio workloads as well.

Across the evaluated affine-drift settings, on-chip fine-tuning
improves accuracy by 21.9±9.5 absolute points on average, with the
largest gain reaching 35.3 points. This corresponds to an average
of 59% of the lost accuracy being recovered on average across all
scenarios and 92% in the best case.

5.3 Persistent sensor-column failure

We next evaluate Enabol under persistent sensor-column faults by
permanently zeroing one or more contiguous image columns across
all deployed samples. Fault severity is escalated by increasing the
number of defective columns while keeping the corruption pattern
fixed across the deployed input stream. Figure 6 summarizes the
resulting recovery for the MedMNIST/Path CNN. The style and
colors of the plot match the ones introduced in subsection 5.2.

As fault severity worsens, the pretrained model degrades down
to 43.4%, 35.3%, and 28.3% accuracy, respectively, while on-chip
adaptation elevates performance up to 69.7%, 67.3%, and 63.4%,
respectively. Across the three tested fault severities, on-chip fine-
tuning improves accuracy by 31.1±3.7 percentage points on average,
with the largest gain reaching 35.1 points. These results indicate
that Enabol can recover useful performance even after persistent,
spatially localized sensor degradation.

Figure 6: Recovery under persistent sensor-column failure

after on-chip fine-tuning with Enabol.
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Table 1: FPGA logic synthesis resource usage for inference-only and Enabol’ed (trainable) models, including latency and deployment

compatibility.

Benchmark Variant
Resources Latency Fits All

FPGA TargetsLUTs FFs DSPs BRAMs (cycles) (𝜇s @ 5ns clk)

JetTagging

Inference-only 17,175 32,451 21 5 4,286 21 ✓
Enabol’ed (Trainable) 194,424 141,166 625 150 63,840 319 ✓

MedMNIST

Inference-only 30,992 63,876 10 10 11,128 56 ✓
Enabol’ed (Trainable) 159,480 163,688 684 189 110,009 550 ✓

MSWC

Inference-only 34,328 78,759 10 80 14,304 72 ✓
Enabol’ed (Trainable) 129,099 154,540 539 212 138,030 690 ✓

FashionMNIST

Inference-only 10,629 24,689 12 2 2,295 11 ✓
Enabol’ed (Trainable) 72,317 77,399 436 45 31,642 158 ✓

FPGA Resource

Capacities

Kintex UltraScale (XCKU035) 203,128 406,256 1,700 1,080
ZCU104 (XCZU7EV) 230,400 460,800 1,728 1,080
Alveo U250 (XCU250) 1,728,000 3,456,000 12,288 5,376

5.4 Hardware implementation and trade-offs

Table 1 summarizes our hardware implementation analysis across
our benchmarks. The baseline in each case is the forward-pass-
only hls4ml generated design configured for maximum resource
efficiency. Crucially, the backward pass does not hinder forward-

pass inference output: the prediction is produced as soon as
inference completes, and training proceeds afterward. Therefore,
the circuit delays of the forward-pass structure and the latency of
the inference are not affected by the addition of the on-chip training
feature. This design decision was important for edge-AI workloads
with strict latency budgets (e.g. closed-loop control, embedded
vision, real-time experimental analysis). Designers may still tune
HLS parameters such as reuse factor and pipeline depth to trade off
forward-pass latency and resource usage as they would during their
design space search for the optimal inference structure. Aside and
independent of that, Enabol imposes essentially the same resource
tax regardless of those parameters. The forward-backward resource
gap in Table 1 should therefore be interpreted as just one point
in a broader latency–resource design space. For a forward pass
structure that is further optimized for latency, its relative size with
respect to the training hardware would be larger (since training
hardware does not change) and this gap would be smaller.

The forward inference remains same as the baseline inference
designs and independent of the addition of training and it ranges
between 11 and 72 𝜇s. For the trainable configurations, the reported
latency includes gradient computation, operator-norm projection,
and weight updates, i.e., the full cost of enabling on-chip learning
relative to inference only. Across benchmarks, the latency of the
training path ranges between 158 to 690 𝜇s. Moreover, gradient
updates occur only when the system asserts apply_update at the
top-level interface.

In many target deployments, the backward pass does not re-
quire ultra-low latency. Applications such as real-time physics
data acquisition, embedded vision, and long-duration industrial
or environmental monitoring are often affected by concept drift,

where sensor aging, environmental variation, or changing operat-
ing conditions gradually degrade model performance. Mitigating
such drift typically requires only periodic adaptation rather than
microsecond-scale continual retraining [6, 11, 29, 63]. This is pre-
cisely why Enabol exposes control over when and how often

updates are applied. In this context, the observed latencies are a
practical trade-off as ultra low-latency inference is still preserved
while enabling on-chip training only when needed.

The measured full Fwd+Bwd latencies (∼158–690 𝜇s) are also
practical relative to software alternatives. A comparable batch-
size-1 iteration on the host CPU takes roughly 650 𝜇s to 3 ms for
our benchmark models, and small-model GPU execution at batch
size 1 is likewise known to be latency-inefficient [23]. Unlike host-
or GPU-based adaptation, Enabol also avoids PCIe or host-device
transfer overhead by completing both the backward pass andweight
update directly in the on-chip sensor readout datapath.

We evaluate the resource requirements of the on-chip training
structures created by Enabol against several representative FPGA
targets in Table 1. This selection reflects the wide array of deploy-
ment contexts, performance regimes, and application scenarios for
FPGA AI accelerators as documented in the literature [9, 12, 40].
The Kintex™ UltraScale 035 represents a practical mid-range device
family used in edge AI, scientific instrumentation, and commercial
data-acquisition products [4, 16, 36, 52], while remaining relatively
affordable [1]. The AMD Zynq™ UltraScale+™ MPSoC ZCU104 is
a widely used embedded-vision platform [2]. The Alveo U250 rep-
resents a high-end datacenter-class platform suitable for scaling to
larger models and higher-throughput workloads and has also been
leveraged in many scientific and other deep learning applications
[15, 20, 43, 47]. All Enabol’ed designs can be accommodated by
the target devices illustrating that Enabol is well suited for FPGAs
already widely deployed in edge AI and scientific systems.

Overall, Enabol provides design automation for on-chip training
with predictable latency and resource overhead while preserving
immediate forward inference and leaving designers flexibility to
choose when, and how often, adaptation occurs.
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6 System level implications

The fundamental value proposition of Enabol is not performance
on any single benchmark, but three broader contributions:

(i) A theoretical formulation for stable online training. As
discussed in this paper, adding the training feedback loop can easily
destabilize a fixed-point system, leading to register saturation, gra-
dient explosion, or activation death. In practice, this is why online
learning in edge devices is often either highly application-specific
or restricted by simple constraining techniques that preserve safety
at the cost of trainability. Enabol addresses this directly through
𝜅-budgeting, providing a hardware-exact formulation that stabilizes
on-chip training without sacrificing the ability to adapt.

(ii) The elimination of the data capture–retrain–redeploy
bottleneck. In conventional reprogrammable AI, adapting to dis-
tribution shift requires capturing data, transmitting it off-chip, re-
training in software, re-validating, and re-flashing –a cycle that
can take hours to days and may require the system to go offline
entirely. Enabol replaces this with continuous on-chip adaptation:
the same FPGA that sits in the sensor datapath houses the learning
algorithm, weight updates occur at the point of data acquisition
with zero transfer overhead, and the forward-pass latency budget
is never touched. For systems where the data is too voluminous,
too sensitive, or too time-critical to move off-chip [6, 11, 24, 29],
or where privacy constraints make data transfer undesirable, this
bottleneck becomes especially deterrent.

(iii) Complete automation into existing flows with adapta-
tion via hls4ml. Because Enabol is implemented as an integrat-
able component of the existing hls4ml workflow, designers can
adopt trainable hardware with minimal disruption to established
inference-oriented pipelines. This lowers the barrier to experimen-
tation with post-deployment adaptation and makes stable on-chip
learning accessible within a familiar design flow.

7 Conclusions

We introduced Enabol, a general-purpose toolchain that enables
stable, fixed-point backpropagation for trainable neural network
accelerators, while requiring only a single configuration flag in
the existing hls4ml pipeline. At the core of Enabol is a hardware-
exact 𝜅-budgeting scheme that applies per-layer induced-norm
projections under a global Lipschitz budget, ensuring bounded acti-
vations, gradients, and updates throughout training. Our evalua-
tion demonstrates that Enabol maintains stable learning dynamics
under fixed-point quantization during training, while also recover-
ing a substantial portion of the performance lost under structured
post-deployment degradation, including affine drift and persistent
sensor-column failure, across multiple datasets and architectures.
More broadly, Enabol provides a practical foundation for on-device
learning and hardware–algorithm co-design within standard HLS
workflows for FPGAs and also potentially for ASICs.
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