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Abstract—Mainstream artificial intelligence (AI) solutions com-
monly rely on deep neural networks (DNNs) for their training
and inference. Such AI models are often impenetrable to human
interpretation, limiting their potential for adoption in sensitive
domains, where an understanding of the root factors that led to
a specific inference outcome is critical. In this context, tree-based
ensemble models, such as random forests (RFs), XGBoost, and
LightGBM, have recently risen as a key family of AI models
that are “interpretable”. However, their limited performance is
far from fulfilling the needs of time-critical applications, thus
hindering their adoption.

This work identifies data retrieval inefficiencies in several tree-
based inference models and proposes FARM, a novel hardware
solution to accelerate inference on those models. FARM comprises
two hardware innovations: a Processing-in-Memory (PIM) ac-
celerator that performs the key computations of tree traversal
directly within the HBM banks, and a Skipped Query Groups
(SQG) design that bypasses unnecessary data movement and
computation by coalescing burst memory activity. Our evaluation
shows that FARM delivers up to 12x performance improvement
for the three ensemble models studied (RFs, XGBoost, and
LightGBM), compared to a GPU-HBM baseline.

I. INTRODUCTION

Many applications in critical domains demand Al models that
are not only fast and accurate but also “interpretable”, that is,
the classifications they offer can be justified and summarized
in terms that their human users can understand. In parallel,
recent regulations, such as the “EU Al Act”, label Al-based
safety-critical systems as “high risk”, mandating that these Al
systems be capable of providing a justification for their actions
to facilitate auditing, accountability, and users’ trust [28].

Currently, the most popular, widely available, and
widespread Al engines are all based on complex neural
networks (NNs), delivering significant performance thanks
to specialized hardware accelerators, but offering limited to
no interpretability. While there has been some progress in
enhancing NNs with interpretability features, the success
has been very limited [30] [7] [37]. Due to their black-box
nature, interpretability of NNs is usually limited to “global
explanations,” that is, a high-level summary of the model’s
embedded decision logic, disconnected from the specific
classification produced for a given input.

Fortunately, other types of Al engines, while not as popular,
are much more amenable to interpretability. Tree ensemble
models, including random forests (RFs), XGBoost, and Light-
GBM, excel in offering a transparent internal structure, and
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produce inference responses that are derived from a sequence
of hierarchical, condition-based decisions, making them highly
interpretable. Their appeal extends beyond interpretability due
to their robust performance on tabular datasets (structured data
organized in rows and columns), their need for less training
data to achieve comparable accuracy, and their simpler tuning
compared to NNs [9] [19] [1].

However, tree-based models are still computationally expen-
sive during inference, particularly on GPU platforms. The use
of the basic GPU-High Bandwidth Memory (HBM) setup for
inference on these models leads to two major inefficiencies.
First, there is substantial data movement between memory
and host, resulting in heavy bandwidth demand. Second, there
is an inefficient usage of the available bandwidth as GPU
threads traverse different trees within the ensemble, triggering
divergence and causing irregular and uncoalesced memory
access patterns. To quantify this inefficiency, we studied RF
inference using the NVIDIA cuML Forest Inference Library
(FIL) and observed that GPU memory data utilization drops to
as low as 45%, meaning that more than half of the data fetched
from memory goes unused.

In this work, we propose a new solution, FARM, that tackles
both these limitations through two complementary solutions.
First, its Processing-in-Memory (PIM) design greatly reduces
the amount of data transferred between memory and the host
by carrying out core traversal steps directly in the HBM
banks. Unlike prior PIM approaches [38] [35] [11] [27], FARM
imposes no restrictions on ensemble size or tree depth, making
it scalable to real-world models. The PIM accelerator also
serves as a necessary foundation for our Skipped Query Groups
(SQG) solution, which greatly boosts data utilization during
tree traversal. SQG identifies groups of queries that need
not to be evaluated at a given node, and blocks them from
being fetched or processed, eliminating unnecessary accesses
and computation. In summary, this paper makes the following
contributions:

o A fully adaptable PIM accelerator for tree-based inference
(generalizable to other binary tree traversal tasks), which
slashes host-memory data movement by performing key
computations directly in memory.

o A novel Skipped Query Groups (SQG) technology, which
bypasses the analysis (fetching and computing) of groups
of queries that do not need to be considered at a given
node.

978-3-9826741-1-7/DATE26/© 2026 EDAA



« We evaluate FARM on multiple tree ensemble models,
demonstrating a performance improvement of up to 12x
when compared to a GPU-HBM baseline, and up to 90%
energy reduction.

II. MOTIVATION AND BACKGROUND
A. Tree Ensemble Models

Ensemble models rely on a collection of weak models to
create one that achieves better performance than each weak
single model. In tree-based ensemble methods, decision trees
serve as the weak learners. A decision tree is a supervised
machine learning model composed of interconnected nodes that
form a tree-like structure. As shown in Figure 1, the topmost
node of a decision tree is called the root node. Each node
in a tree may have child nodes, which in turn can have their
own children. Nodes that split further are known as decision
nodes, while nodes that do not branch further represent the
final classification for a specific path and are referred to as leaf
nodes. Accordingly, a path through a decision tree starts at its
root node and ends at a leaf node.

Decision trees are effective for classification tasks that must
predict categorical labels. Consequently, classification ensem-
bles like the Random Forest Classifier [25] and Gradient Boost-
ing Classifier [3] leverage multiple decision trees to determine
discrete class labels. While both random forest and gradient
boosted trees rely on ensembles of decision trees, they differ
primarily in how these trees are constructed during training.

RF tree structure. An RF model consists of a collection of
disjoint trees, each trained using random subsets of the training
data and a random subset of features. Each tree is composed
of internal nodes that perform binary feature comparisons and
leaf nodes that store the final inference values [4] [6].

Gradient Boosted tree structure. In contrast, gradient
boosted trees are built incrementally to improve the accuracy of
the model by reducing the overall classification error [5] [16].
The sequential and corrective structure of boosted trees often
leads to higher accuracy with smaller models. However, they
require much longer to train, with some studies reporting up to
50 times longer [3].

B. Tree Ensemble Inference

During inference, the trained ensemble classifies new queries

by traversing each tree from root to leaf based on feature
conditions. Each tree produces an output, and the results are
aggregated across the ensemble to form the final prediction.
The process of sifting a query through each tree is similar
across ensemble models, with the main difference being in how
individual trees’ classifications are combined to produce the
final output.
RF inference. Figure 1 (left) shows the basic traversal tech-
nique for a single RF inference. Each tree filters the query
through its nodes, from root to leaf, based on the feature-
condition mapped to each node. When the query reaches a leaf
node, the value associated with that leaf becomes the tree’s
inference for the query. The final RF inference outcome is
determined by taking a majority vote across all trees.
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Fig. 1: A simple RF with three trees classifying loan approval
as two of three votes approve the loan. Each node applies a test
condition to select the next node to evaluate. The rightmost tree
illustrates batch inference with 256 queries, arranged column-
wise by query and row-wise by feature, leading to a final
classification vector for the entire batch. As queries progress
deeper, fewer remain active per node.

Gradient Boosted inference. In gradient boosted trees, each
leaf node is associated with a numerical value, or “score,”
which represents the model’s confidence in a given classifi-
cation. In order to determine the likelihood of a given class,
the scores from all trees are summed, scaled by their learning
rates, and passed through a function that maps the result to a
probability between 0 and 1. For multi-class tasks, a separate
set of trees is trained for each class, with scores summed up
within each set to select the class with the highest probability
as the prediction.

During inference, queries can be evaluated individually to
minimize latency or in batches to maximize throughput. In
batch mode, queries can be arranged column-wise so that an en-
tire row of feature values can be fetched and processed together,
as shown in Figure 1 (right). The optimal batch size varies with
the underlying hardware’s memory architecture [2]. To further
improve efficiency, inference can exploit parallelism either by
distributing queries across compute units, each holding a full
copy of the model (data parallelism), or by splitting the model
itself across units (model parallelism). In our evaluation, the
latter proved more effective for large RF models, forming the
baseline approach for this work (Section IV).

C. Tree Ensemble Inference Acceleration

The parallel nature of tree ensemble inference creates op-
portunities for GPU acceleration, where threads can process
trees or nodes in parallel. However, GPU implementations
introduce some new challenges: during batch inference, queries
are split at each node, leaving progressively smaller subsets to
be processed at each subsequent node. This trend underutilizes
GPU threads, which must execute in lockstep by processing
all queries in the batch and discarding the unnecessary results
at the end. In addition, thread divergence arises when differ-
ent queries follow different paths, causing scattered memory
accesses.

We profiled RF inference execution for the Census dataset
using the NVIDIA cuML FIL library with Nsight Compute



to evaluate memory utilization (the ratio of useful bytes to
fetched bytes per transaction). We observed that GPUs achieve
up to 90.9% utilization at shallow depths, where threads within
a warp traverse similar paths and memory requests remain
contiguous. However, as trees deepen and warp divergence
scatters memory accesses, eliminating spatial locality, forcing
entire 32-byte sectors to be fetched while only partially used,
utilization gradually falls to 45% at depths of 10 and above.
This problem is amplified by row-based accesses in HBM,
where fetching a row requires 32 transactions of 32-byte
packets [13], even though fewer queries remain active deeper
in the tree. As illustrated in Figure 1, a batch of 256 queries
may be fully utilized at the root, but subsequent nodes only
process subsets of the batch as queries branch along different
paths. For example, in the Higgs model, about 79% of nodes
need data that occupies only a small fraction of a row, yet
GPUs still retrieve whole sparsely utilized rows, wasting much
bandwidth.

This underutilization and high bandwidth usage of a
GPU-HBM setup have led to growing interest in Processing-in-
Memory (PIM) approaches, which integrate lightweight com-
pute units into the HBM logic layer to exploit locality and
reduce unnecessary data movement. In the following section,
we present our PIM-based solution, specifically designed to
accelerate tree ensemble inference.

III. FARM
A. FARM Overview

FARM is a hardware accelerator designed to support tree
ensemble inference tasks through two complementary compo-
nents. The first is a Processing-in-Memory (PIM) accelerator,
with one identical block deployed next to the row buffer of each
memory bank, as illustrated in Figure 2. These units process
all queries in a batch through every node of each tree, retaining
key computations in memory and thus reducing congestion
at the memory-host interface. The second component is the
Skipped Query Groups (SQG) design (Section III-C), which
further improves efficiency by bypassing computation and data
fetching for query groups that are not relevant to the node under
evaluation.

B. FARM PIM Architecture

System-level data organization. To best serve a model-
parallelism implementation of a tree ensemble inference (see
Section II-B), query data is organized by feature: for all queries
in a batch, all values of one feature are adjacent in memory
(Figure 1, right). For the HBM3 memory architecture we
considered, memory rows are 1KB in size, thus, allowing 256
32-bit feature values to be stored per row. With thousands
of rows per bank, each bank can accommodate thousands of
features, which is sufficient for the models we target.

To ensure efficient parallel processing, the same batch of
queries is processed through all trees in the model concurrently.
Note that tree data is stored in other memory banks (whose
banks’ FARM units are inactive during the inference process).
Trees are stored in vertex order, breadth-first (root node first,
then all nodes at depth 1, then all nodes at depth 2, efc.)
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Fig. 2: FARM units co-located within each bank of an HBM
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Fig. 3: FARM hardware architecture: the top set of comparators
determines which child node to select for each query. The next
node buffer stores the index of the next node that should process
the query batch, while the bottom set of comparators filters
which next node to update based on the current node’s index.

One computation step of a FARM unit entails processing a
batch of queries (256 in our implementation) through one whole
tree. At the end of the computation, the inference result of each
query through that tree is stored in the next node buffer (1KB to
store 256 32-bit values), where a negative value indicates that
the inference for the corresponding query is complete. Inference
results are then transferred to the host, which coordinates the
processing of all queries through all trees, and then computes
final majority votes.

FARM functionality. To launch the processing of a batch
of queries through one tree, the host sends a PIM command
with the pointer to the root node of a tree. FARM fetches
the data of the first node and updates its current node buffer
with the corresponding information about the node, as shown in
Figure 3. Based on the current node’s selection feature, FARM
identifies the index of the row with the corresponding feature
in the memory bank that stores the query batch. The current
node buffer also includes pointers to its children: one of them
will be assigned to each query, as it is evaluated against the
node’s split condition. After all queries in a batch are processed
through a node, the next node is loaded to the current node
buffer, selecting among the children of the node just completed,
then its corresponding queries are processed. Specifically, when
FARM loads a new current node, it compares its index with
all the entries in the next node buffer, and carries out its
comparison process if at least one entry matches the current
node’s index. Once all queries have reached leaf nodes, all the



values in the next node buffer will be inference results (negative
values). At this point, FARM sends an interrupt to initiate the
transfer of the inference results back to the host.

FARM internal architecture and operations. Figure 3 out-
lines the detailed structure of the FARM architecture. At the
start of an iteration, FARM loads the memory row corre-
sponding to the split feature index, transferring to the row
buffer all the values for that feature for the entire query batch.
This process takes multiple distinct bursts depending on bank
geometry and feature representation (32 in our case). As soon
as the first burst completes, FARM begins to process all feature
data through a battery of comparators, which are set up with
the current node’s compare instruction (=, <, >), and split
value (top of Figure 3). The output of these comparisons is
combined with the children’s index field of the current node
to update the result buffer: a 1KB vector with 256 32-bit
index values for each query, specifying which next node the
query should be processed at, based on the outcome of the
current node’s analysis. Note that the result buffer may include
spurious information, as it is possible that not all the queries
need analyzing at the current node. Thus, the information stored
in the result buffer must be filtered through the masking buffer
to update only the appropriate entries in the next node buffer.

The next node buffer maintains accurate next-node informa-
tion for all queries, specifying which node should analyze that
query next. The masking buffer (256b to store 1 bit results from
the comparators) is generated by comparing the current node’s
index against each of the indices stored in the next node buffer,
so that only updates relevant to the current node’s analysis are
modified in the next node buffer.

When the current node is a leaf, the corresponding result
buffer and next node buffer entries are updated with classifica-
tion values, which we encode with distinct negative integers.
For instance, in the case of RFs and with reference to the
example in Figure 1, we encode Accept as -1 and Reject as
-2. For boosted trees, leaf nodes instead store a score. In this
case, the host applies an offset to encode the score as a negative
value, and later reverses the offset when decoding.

C. FARM SQG Design

As mentioned above, data is loaded into the row buffer in
multiple bursts of queries. In our design, FARM processes
eight 32-bit queries at a time, as they all can fit in a single
burst access at a time. As the analysis moves deeper into the
tree, queries to be analyzed at a given node become sparser
and sparser, possibly leading to entire bursts going completely
unused. To optimize for this time-consuming and wasteful
computation, we equipped FARM with a novel functionality,
called Skipped-Query Groups (SQG). This feature employs a
32-bit SQG selector buffer. The buffer has one bit per row
buffer burst, which tracks whether there is any query within
each burst that needs processing at the current node. If no
query must be analyzed, the entire burst can be skipped from
loading (into the row buffer) and processing. The SQG selector
is also used to update the result selector buffer using the result
idx decoder. This decoder identifies the indices in the result
buffer that should update the corresponding entries in the next

node buffer. The result selector buffer is then used to transfer
values from the result buffer to the corresponding entries in the
next node buffer, and skip entries when a skipped query group
occurs. For example, if the second query group is skipped, then
the result selector makes sure that the second group of results
in the result buffer does not update the second group of entries
in the next node buffer.
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Fig. 4: FARM operation timing and row buffer fill latency.
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D. FARM Timing

The performance of FARM is primarily constrained by the
row buffer fill latency, which includes the row precharge time
(tRP = 14ns), row-to-column delay (tRCD = 14ns for HBM3
[13]), and column-to-column delay per burst (tCCDL = 2.8ns).
Assuming a 1 GHz clock, the maximum latency of 119.6ns
occurs when all 32 bursts are loaded (tRP + tRCD + 32 x
tCCDL, shown in blue in Figure 4). With SQG, this reduces
to tRP + tRCD + (32 — SQG) x tCCDL, since skipped groups
lower the number of bursts. Additional operations of comparing
the next node and current node buffers, and updating the SQG
selector each take one cycle (shown in beige in Figure 4). By
contrast, the GPU-HBM baseline requires the same 119.6ns to
fill the row buffer plus another 40ns to transfer data between
memory and host (819 GB/s bandwidth, 16 channels per stack).

IV. EXPERIMENTAL EVALUATION

A. Experimental Setup

We evaluated FARM on three ensemble models, RFs, XG-
Boost, and LightGBM implemented with scikit-learn
[26]. We determined the optimal training configurations via
grid search, and the trained models with encoded negative
leaf values were then exported for inference. We implemented
the inference algorithm in C++ and compared it against the
NVIDIA cuML library. For models with comparable classifi-
cation accuracy, our baseline achieves similar execution time as
the NVIDIA library implementation on some datasets and up to
2x faster performance on others, making it the preferred choice
for integration with our hardware evaluation framework. We
also evaluated two tree ensemble inference implementations,
using both model and data parallelism (see Section II). We
found that model parallelism is the best approach when taking
into consideration our specific batch size and the different
model sizes used.

Simulators. To simulate FARM, we leveraged and modified
two existing simulators: ZSim [31], a multi-core system simula-
tor, and Ramulator 2.0 [17], a cycle-accurate DRAM simulator.
We modified the ZSim simulator to embed Ramulator and
then modeled a multicore GPU processor with 16K cores
connected to HBM3 memory (similar to NVIDIA H100). For



TABLE I: Properties of experimental datasets and models

Random Forest Boosted Trees
#Trees | Accu- | #Trees XG LG-
Dataset /Depth | racy /Depth boost | BM
Acc. Acc.
Census 200/45 91.9 128/10 87.1 88.8
Cover type 75/30 94.5 100/15 95.8 91.2
Higgs 150/20 73.6 110/15 75.3 74.9
MNIST 200/45 96.8 100/10 97.2 97.5
SUSY 150/30 80.1 128/8 80.3 80.2
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Fig. 5: Relative speedup of FARM over GPU-HBM memory
baseline (PIM and SQG breakdown). We also show the baseline
cycles under the dataset’s name.

the simulation of FARM units, we extended the GPU-HBM
model in Ramulator, leveraging the approach from prior work
[33]. Each FARM unit executes inference tasks in parallel with
batches of 256 queries. We also assume a 1KB HBM row buffer
(256 feature values), thus loading a row requires 32 bursts of
256 bits, with each burst transferring eight 32-bit feature values.
Datasets. Table I summarizes the datasets used in our eval-
uation, along with the number of trees and maximum depth
of the trained random forest and gradient boosted models.
Our selection includes three binary classification tasks (Census,
Higgs, and SUSY) and two multiclass datasets (Covertype with
seven classes and MNIST with ten classes).

Performance results are presented in two parts. The first
section highlights the performance benefits of FARM for RF
models, while the second section demonstrates the advantages
of our design for gradient boosted models, specifically XG-
Boost and LightGBM.

B. RF Performance

Figure 5 represents the relative speedup of the FARM archi-
tecture compared to the GPU-HBM baseline. FARM provides
an average speedup of 12.44x, of which approximately 30% is
due to SQG data-access optimization, while the rest is attributed
to the acceleration from performing computations in memory.
The figure also shows that the performance improvements
vary from 16.9x for the largest model, SUSY, to MNIST
experiencing a 6.5x speedup. The reason for this difference is
mainly due to differences in model sizes, depth, and distribution
of nodes over the range of depths.

Sensitivity to RF node distribution. Figure 6 illustrates
the distribution of nodes at various depth levels for the RF
models used in our experiments. The figure shows that Higgs,
Covertype, and SUSY are wider compared to other models
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Fig. 6: RF model topology analysis: average number of nodes
for each depth level in the trees comprising the model.

(as indicated by the area under each curve). Correspondingly,
these models secure greater benefits from our FARM solution.
Conversely, as can be noted in Figure 5, the MNIST dataset,
despite its significant depth, exhibits limited improvement be-
cause many tree paths do not reach maximum depth, leading
to a decrease in node count early on, a consequence of sparser
trees not benefiting as much from our PIM solution. On the
other hand, the Census dataset, while not as wide as other
models, experiences significant speedup due to its deeper trees
and the fact that queries are sifted to the deepest levels.
Sensitivity to tree depth. We also analyzed the effect of
varying tree depths using the Higgs dataset. We observed that
at depth 1, SQG provides no benefit since all queries must be
sifted through the root node. At depth 5, the speed up due to
SQG is 1.1x, as queries become sparser, allowing some groups
to be skipped. However, improvements plateau at deeper levels,
as reduced tree widths near the leaves limit again the number
of query groups that can be skipped. For example, increasing
tree depth from 15 to 20 improves performance only slightly
(from 3.4x to 3.6x).

Data Transfer Reduction. We analyzed the amount of data
transferred from memory to the host during inference to evalu-
ate the impact of FARM. We observed that FARM significantly
reduces memory data transfers, which directly contributes to
the observed performance gains. Notably, datasets with higher
reductions in data transfer tend to exhibit greater performance
improvements. For example, the Higgs, SUSY, Covertype, and
Census datasets show the highest reductions—94.7%, 94.0%,
93.5%, and 91.5%, respectively, which aligns with greater
performance improvements when compared to the MNIST
dataset.

C. Gradient Boosted Performance

We evaluated two different gradient boosted tree models
in our experiments: XGBoost and LightGBM. These boosted
models also benefit significantly from FARM, achieving aver-
age speedups of approximately 5.4x for XGBoost and 5.3x for
LightGBM over the GPU-HBM baseline, as shown in Figure 7.
While these improvements are substantial, they are lower than
the 12x speedup observed for random forests. This difference
is due to the structure of gradient boosted trees, as they
typically achieve comparable classification performance using



20
X I RF XGBoost I LightGBM
15x
o
3
o 10x
[}
o
(7]
5x
Ox -
Census Cover. Higgs MNIST Susy Avg
Dataset

Fig. 7: Relative speedup of FARM over a GPU-HBM baseline
for RFs and gradient boosted models (XGBoost and Light-
GBM). The last bar represents the average over all datasets
across the different models.

shallower trees and fewer overall nodes. The smaller size and
depth of gradient boosted models also reduce the effectiveness
of FARM’s SQG mechanism, as queries are more likely to
concentrate in a smaller number of active nodes, limiting the
ability to skip memory bursts during traversal.

V. AREA AND ENERGY
A. Area

We implemented FARM in Verilog and synthesized it with
Synopsys Design Compiler using the SkyWater SKY 130 PDK
to estimate the area required for each FARM unit. The results
were scaled to a 20nm process node following [34], resulting
in an estimated area of 81,974 um?. We compared this estimate
to Samsung’s general-purpose PIM unit at 20nm [20], which
occupies 712,000 ym?: FARM uses only about 11% of the
area, making it practical for HBM integration. Even under
conservative assumptions of increased area of up to 8x [18]
when implementing our design on a DRAM process, the
footprint would remain well within commercial constraints.

B. Energy

FARM reduces system energy in three ways: minimizing
data accessed in HBM through SQG, reducing transfers from
HBM to the host, and offloading computation to in-memory
components that consume less energy than the GPU host.

We model FARM’s energy use as the sum of subarray-
to-row-buffer transfers (Esa.o-rg, 1.2 pJ/bit), FARM compo-
nent activity (ZparRM-components), and data transfers to the host
(Fdata-transfer-to-host> 3-97 pJ/bit [24]). Additionally, we modeled
the GPU host energy consumption using data from Zsim output
in combination with the NVIDIA H100 datasheet [23].

We observed that FARM cuts energy consumption by an
average of 91% for RF models, with the highest reduction of
94% for SUSY, and the lowest reduction of 84% for MNIST.
We also observed an average energy reduction of 77% and
78% for XGBoost and LightGBM, respectively. The slightly
reduced energy saving is due to the smaller size and depth of the
gradient boosted models. Table II reports the energy breakdown
for Census: we can observe that most of the benefit comes from

TABLE II: Energy consumption for inference on Census dataset

Energy Consumption RF XGBoost LGBM
Baseline Host 201.82J 14451 119417
Data Transfer to baseline Host 1.157J 0917 0.617]
Baseline Total 202.9 J 1455 120.11 )
Host 13571 27871 22017
Data Transfer to Host 0.43 mJ] 0.01 mJ 0.02 mJ
Data Transfer to FARM 13.2 mJ 3.8 1l 1.6 uJ
FARM Computation 0.85 pJ 0.009 pJ 0.01 w@J
FARM Total 135 ) 2787 J 22.06 J
Improvement over HBM 93.31% 80.85% 81.63%
TABLE III: Summary of related works
Model #2/[‘1‘2:;5 #]1;/53 .‘;:;h Solution
GPU &
[36] RF - 6 FPGA
[11] XGBoost 500 6 SRAM
[27] XGBoost 4096 8 CAM
[8] XGBoost-Binary - 6 FPGA
[14] RF - 6 1C
FARM | RF Boosted Trees - - PIM

computing directly within FARM units, with additional savings
from reduced data transfers.

VI. RELATED WORKS

In-memory computing accelerators have been developed for
a variety of ML models [10], [12], [29]. While much attention
has focused on accelerating tree ensemble training [15], [21],
[35], some works have targeted inference on GPUs and FPGAs.
However, these works either often constrain models to fewer
shallow trees to fit within GPU texture memory and on-chip
FPGA memory [32], [36] or focus on exploring memory
layouts tailored to software/kernel-level optimizations [22].

Table III summarizes tree ensemble inference accelerators.
Some of these works accelerate XGBoost using on-chip mem-
ory structures [11], [27], while [8] proposes an FPGA accelera-
tor limited to binary classification. A common limitation across
these designs is support for only shallow ensembles, typically
capped at depths of 6-8 due to architectural constraints. By
contrast, our target applications (Table I) entail depths of 20—45
for RF and 8-15 for boosted trees. Hence, FARM addresses the
key limitation observed in prior work by supporting multiclass
and large-scale ensembles. Additionally, our evaluation shows
that its benefits improve as tree depth and ensemble size
increase.

VII. CONCLUSION

The widespread use of Al has increased the demand for faster
and more explainable solutions. Tree ensemble models address
the interpretability demand but remain costly at inference, a
phase that dominates most of the model’s lifecycle. As a
solution, we present FARM, a flexible PIM-based accelerator
embedded in HBM that performs key inference computations in
memory and uses the Skipped Query Groups (SQG) technique
to eliminate unnecessary data movement. FARM can tackle
any type of tree ensemble model, and achieves up to 12x
performance improvement over a GPU-HBM baseline, and
reduces system energy consumption by as much as 90%.
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