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Figure 1: Overview of Locus. Top: a box head drafts the box in one pass (green), and the backbone verifies the draft as coordinate
tokens in a few parallel passes (blue), returning its own greedy answer. Bottom: accuracy at IoU 0.9 and 0.5, latency, and the
overlap between RefCOCO-family training and evaluation targets. All numbers are measured in our harness unless marked as

reported; latency is on one RTX A6000 at batch 1.

Abstract

Vision-language models (VLMs) ground a referring expres-
sion in one of two ways. They decode the box as coordinate
tokens, which is precise but takes one sequential step per to-
ken, or they regress it from a hidden state with a small head,
which takes one step but loses accuracy at high IoU. The two
fail differently: a head usually finds the right object but places
its edges loosely, while coordinate tokens place edges pre-
cisely. We therefore use the regression head as a speculative
drafter for the model’s own coordinate tokens. Locus writes
the head’s box as coordinate tokens and checks them with
the same backbone by Jacobi iteration over a shared image
prefix. The fixed point is the model’s greedy coordinate-token
answer, reached in about 5.60 sequential passes on average in-
stead of 18.46 decoding steps; head and verifier are one set of

weights, trained jointly. On the 8 RefCOCO, RefCOCO+ and
RefCOCOg splits, verification raises Locus-2B’s Acc@0.9
from 54.87 for its own head to 59.13, and the one-pass head is
ahead at Acc@0.5 of every published model with at most 3B
parameters except Florence-2-L. Against Jag, the strongest
open regression-head model, at its own size and training bud-
get, Locus ties at Acc@0.5 and, with typical acceptance, gains
+4.52 points at Acc@0.9, with paired significance tests. Ex-
act answers come 1.5x faster than vLLM greedy-decoding
the same coordinate tokens with the same weights; a pure
regression head remains faster still.

1 Introduction

Referring-expression grounding asks a model to return the
box of the object a phrase describes, a building block of visual
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question answering, interactive image editing and agents that
act on what they see. Modern VLMs answer by writing the
box as text: Qwen-VL and its successors [1, 2], Shikra [8],
Kosmos-2 [22], Ferret [30] and Florence-2 [28] decode four
coordinates token by token. Coordinate tokens are precise,
because each one is conditioned on the image and on the coor-
dinates already written, but a box costs about 18.46 sequential
decoding steps.

Regression heads remove that cost but lose precision.
Jag [36] attaches a 0.53M-parameter MLP to the last input
token of a 0.8B VLM and predicts all four coordinates in
one forward pass. It matches coordinate-token decoding at
Acc@0(.5 at a fraction of the latency, but its own matched-
backbone ablation shows the price: decoding remains clearly
better at Acc@0.75 and Acc@0.9. The two outputs fail in
different ways. Without any grounding fine-tuning, Qwen3-
VL-2B’s greedy coordinate tokens trail Jag at Acc@0.5 (88.53
vs 91.50) yet lead it at Acc@0.9 (59.56 vs 48.83, Table 7).
The same holds within one model that has both outputs on the
same weights (Locus-2B: 90.01 vs 89.30 at Acc@0.5, 54.87
vs 59.13 at Acc@0.9, head vs tokens). The head more often
finds the right object, and the tokens place its edges more
exactly.

Speculative decoding [6, 17] addresses the same trade-off
in text generation: a cheap drafter proposes tokens, the exact
model verifies them in parallel, and the output is the exact
model’s. Locus (Fig. 1) applies it to grounding, with a box
head on the same backbone as the drafter in place of a smaller
language model. The head’s box is written in the verifier’s
own coordinate tokens, and the backbone checks every token
at once by Jacobi iteration [23] over a cached image pre-
fix, keeping the prefix it agrees with and correcting the rest.
Because the head usually finds the right object, a draft is typi-
cally wrong only in a few digits, and a few passes reach the
fixed point, which is the backbone’s greedy coordinate-token
answer. The image is encoded once, and every pass is a short
branch of a few tokens.

Contributions.

* Draft-and-verify grounding. A box head drafts the
box, and the backbone’s own coordinate-token decoding
verifies it. With exact acceptance the output equals the
greedy coordinate-token answer (identical on every one
of 505 questions in fp32, and within the rounding that
already makes bf16 greedy decoding irreproducible),
in 5.60 sequential passes on average. Typical accep-
tance [5] trades exactness for fewer passes (Section 3.3).

e Joint training. Head and verifier share one set of
weights and are trained together, on one image prefill
per step with isolated question branches; two separately
trained models are no more accurate and need two pre-
fills (Section 5.6). A dual mode keeps answers to other
questions about the image exactly the base model’s (Sec-
tion 3.4).

* High-IoU accuracy. On the same weights, verification

raises Locus-2B’s Acc@0.9 from 54.87 to 59.13 over
the 8 RefCOCO/+/g splits (Section 5.2). At the size
and training budget of Jag, the strongest open regres-
sion head, Locus ties it at Acc@0.5 and, with typical
acceptance, gains +4.52 points at Acc@0.9 (paired Mc-
Nemar tests and an image-level bootstrap, Section 5.3).
The one-pass 2B head alone is ahead at Acc@0.5 of ev-
ery published model with at most 3B parameters except
Florence-2-L (Section 5.1).

Latency. Locus’s exact answers are 1.5x faster than
vLLM decoding the same model’s coordinate tokens
(2.9 x faster than the base model’s full JSON answer); a
pure regression head is faster still (Section 5.5).

We also make the evaluation stricter. The RefCOCO, Re-
fCOCO+ and RefCOCOg splits are drawn per dataset, and
46.9% of their evaluation rows ask about an object that is in
another dataset’s training split; models trained on the union of
the three, as is common, have seen those objects. We train on
no evaluation image and report results both on all rows and
on the clean rows. There, Locus-0.8B’s head, which ties Jag-
0.8B at Acc@0.5 on all rows, is ahead (40.50, Section 5.4).

Scope. Our main comparison is with regression heads. A
larger model trained on more data, LocateAnything-3B [25],
remains ahead of Locus at high IoU (Section 5.2). Like Jag,
Locus is trained on the RefCOCO family alone, and on Ref-
L4’s Objects365 images, whose targets are smaller than any
in RefCOCO, both fall far below the zero-shot base model
(Table 3).

2 Related Work

Coordinate-token grounding. Most VLMs ground an ex-
pression by writing its box as text, as plain numbers in
Shikra [8] and the Qwen-VL family [1, 2], location tokens
in Kosmos-2 [22], Florence-2 [28] and PaliGemma [4], and
hybrid region features in Ferret [30]. Recent work changes the
vocabulary or the order: Hi-Token [35] gives each axis and
digit position its own tokens, and Locate Anything [25] emits
a whole box per step. All of them still produce the answer by
decoding. In Locus such a model is the verifier, and Locus
reaches its greedy answer in fewer sequential steps.

Regression and decoder heads on VLMs. Jag [36] re-
gresses the box from the last input token with a small MLP,
and is the closest work: our drafter follows its design. Ear-
lier systems route a special token’s embedding to a separate
decoder: NExT-Chat [32] for boxes, LISA [16] for masks,
and VisionLLM v2 [26] for many task decoders. Our head
also predicts an loU-aware confidence, as dense detectors
do [18, 27, 33]. All of these systems return the head’s output
as the answer; Locus returns it only after the coordinate-token
model agrees.
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final state of the learned [BOX] token; the verifier branch is the backbone’s own grounding prompt, read by its LM head. Head
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Repeating this until the draft stops changing yields the model’s greedy answer, here in 3 passes instead of 19 decoding steps.

Blue tokens are those that verification changed.

Speculative and parallel decoding. Speculative decod-
ing [6, 17] drafts tokens with a small model and verifies
them with the target model in one parallel pass, preserving
the target distribution. Medusa [5] drafts with extra heads on
the target model and introduces typical acceptance; Jacobi
decoding [23] and lookahead decoding [10] iterate a whole
draft to its fixed point. Their drafts are tokens, from a smaller
language model, from extra token heads or from the target
itself. Ours is a regression head trained on ground-truth boxes,
whose continuous output is rendered into the verifier’s tokens,
and it drafts the entire answer at once.

Shared-prefix computation. Prefix caching and shared-
prefix attention [13, 34] reuse one prompt’s keys and values
across requests. We use the same idea inside one request:
the image is encoded once and every question, draft and
verification pass is a branch over its cache.

3 Method

Locus has three parts that share one image prefill: a box
head that drafts (Section 3.2), a verifier that checks the draft
with the backbone’s own coordinate tokens (Section 3.3),
and a training recipe that learns both in one set of weights

(Section 3.4). Figure 2 shows the whole pipeline on one
question.

3.1 Shared prefill and question branches

Verification runs several passes per question, and a request
may ask several questions about one image; encoding the
image again for each would cost more than the passes save.
Let I be an image and ¢, .. ., q¢ the expressions to ground
in it. The backbone encodes [I; p| once, where p is a fixed
instruction prefix, and caches the resulting keys and values (or
recurrent states, for hybrid backbones). Each question then
runs as a branch: a short token sequence that attends to the
cached prefix and to itself but not to other branches. A branch
is therefore exactly what a separate request with the same
prefix would compute, while the image costs one encoder and
one prefill per image rather than per question. Box, verifier
and decision questions are all branches of this kind.

3.2 Box head (drafter)

A box branch is the expression followed by a box-query token
with a learned embedding. Following Jag, a small MLP reads
the final-layer state h of that token and predicts a normalised
box b = o(MLP(LN(h))) in centre-size form, together with



a confidence logit c¢. The head is trained with Lyox = 5 Hl; —
blly + 2 (1 — GIoU(b, b)) and an IoU-aware binary cross-
entropy that targets 1[IoU(b, b) > 0.5] for c. One branch pass
yields the draft; this is the “head” answer in our tables.

3.3 Coordinate-token verification

The verifier is the adapted backbone (Section 3.4) answering
the grounding prompt the base model was pretrained on, e.g.
“Locate ¢ in the image and output its bbox coordinates in
JSON format”, after a teacher-forced JSON preamble. The
target is this model’s greedy coordinate-token answer. It is a
token sequence y* = (y7, ...,y spelling four integers in
[0,1000] and a closing bracket.

Rendering. The draft box is rounded to the same integer
grid and tokenised exactly as the verifier would write it, giving
a draft sequence d(®).

Jacobi passes. Pass k runs one verifier branch on d*) and
reads the argmax g; at every position in parallel, each con-
ditioned on the draft before it. Let n be the length of the

longest prefix with g, = dgk). Those n tokens and the
next prediction g, 41 are exact greedy tokens, because each
was predicted from an exact prefix. The next draft keeps
them and replaces the rest by the remaining predictions,

dk+1) = (dglffw In+1sGn+2, - - - ). Iteration stops when the

draft no longer changes.

Exactness. Every pass extends the verified prefix by at least
one token, so the iteration reaches a fixed point within T’
passes, and a fixed point satisfies g, = d, for all ¢, i.e. it
is the greedy decode. In practice we cap the passes at 8
and finish any unconverged row by greedy decoding from its
verified prefix, so the answer is always y*. A perfect draft
costs one pass; a draft wrong only in its last digits costs two
or three. The greedy answer is 18.46 tokens long on average,
so plain greedy decoding takes that many sequential steps;
exact verification takes 5.60 at 2B (6.68 at 0.8B). 86.4% of
questions reach the fixed point within 8 passes, and the greedy
steps of the rest are included in these counts.

Exactness in fp32. The argument assumes each position’s
argmax does not depend on how the computation is batched.
In fp32 that holds for our implementation: on 505 RefCOCO
val questions the verified box equals the greedy box every
time (0.0% differ, Table 8).

Exactness in bf16. In bf16 the assumption fails for greedy
decoding itself. Rerunning plain greedy decoding with two
images per batch instead of one changes 48.9% of the boxes,
and switching to CUDA graphs changes 51.3%, almost al-
ways by 2 units of the 0—1000 grid on one coordinate, where
two digits are nearly tied. Verification differs from greedy
decoding at the same rate (35.4% of all 10,834 val questions
on our accuracy path, median 2 units) with the same accuracy

(Acc@0.592.14 vs. 92.16, Acc@0.9 61.89 vs. 61.80). “Ex-
act” therefore means exact up to the rounding that makes bf16
greedy decoding irreproducible in the first place. Rounding
also costs passes: tied digits can flip between passes, and the

same 505 questions converge in 4.39 passes in fp32 against
5.66 in bf16.

Typical acceptance. With o < 1, a draft token is also
accepted when the verifier assigns it at least « times the
probability of its argmax [5]. The answer is then the head’s
box unless the verifier clearly disagrees, and is no longer
guaranteed to equal y*. We choose a € {0.7,0.5,0.3} on
RefCOCO val only.

3.4 Training one model for both roles

We train the box head jointly with the language model and
vision merger, fully fine-tuned as in Jag (the ablation also uses
a LoRA adapter [12] on the same modules). Each step prefills
a batch of images once and runs, per image, up to four box
branches and the same number of verifier branches whose
targets are the ground-truth boxes rendered as coordinate
tokens. The loss is the head loss plus the verifier’s token
cross-entropy with weight 1. Because the weights are shared,
one image prefill serves both roles at inference. Joint training
is as accurate as training two separate models (Section 5.6).

Dual mode. The trained weights serve box and verifier
branches and the image prefill; any other question about the
same image is answered by the base weights (an unloaded
adapter, or a kept base copy after full fine-tuning), so its
answer is exactly the base model’s. The cost is a second, base-
model prefill when a request mixes box and non-box ques-
tions, and for full fine-tuning a second copy of the weights.
An activated LoRA (aLoRA) [11] avoids the second prefill:
the adapter is active only from the box-query token onwards,
so the image prefill is the base model’s and is shared by every
kind of question. The price is that the image states are never
adapted, which costs grounding accuracy, most of all at high
ToU (Section 5.6). We use dual mode.

4 Experimental Setup

Backbones. Our main model uses Qwen3-VL-2B [2]. For
the equal-size comparison we use Qwen3.5-0.8B, Jag’s own
backbone, a hybrid of Gated DeltaNet linear-attention and
full-attention layers.

Training data. We train on the RefCOCO, RefCOCO+ and
RefCOCOg [15, 21, 31] training splits after removing every
image that appears in any evaluation split. The standard
union of these training sets shares images with the evaluation
splits of the other datasets; we do not train on those images.
The RefCOCO-family splits are drawn per dataset, so 46.9%
of the evaluation rows (44.5-52.4% per split) have a target
object that occurs in the training split of another dataset. Most



published models, Jag included, train on that union. We report
every comparison on all rows and, as fixed before any results,
on the clean rows whose target object is in no training split,
which no model in our tables has seen (Section 5.4).

Training budget. Locus-0.8B and Locus-2B fully fine-tune
the language model and vision merger for 36k steps of 4 im-
ages x 4 expressions, which is 2.00 epochs of our training set,
the same budget as Jag. The 2B LoRA variants of the ablation
(r = 64, optionally plus a LoRA on the vision merger) use
12k steps. A 54k-step (3-epoch) run is reported separately as
more budget than Jag.

Evaluation. We report Acc@0.5, Acc@0.75 and Acc@0.9
on the 8 val/test splits of RefCOCO, RefCOCO+ and Ref-
COCOg, and their unweighted mean. 7 and « are chosen
on RefCOCO val and applied unchanged to the other splits.
Locus sees each image at its 640%-pixel training budget and
Jag at its own 5122; we also run each at the other’s resolution.

Outside RefCOCO. Ref-L4 test [7] has 31,921 expressions
with ground-truth boxes, averaging 24 words. Its 12,032 Ob-
jects365 [24] rows are on images no model here was trained
on. Its COCO images all come from RefCOCO-family evalu-
ation annotations, and 12,085 rows are on images that are also
in a RefCOCO-family training split, which models trained on
the union have seen; we report the 7,804 COCO rows on the
other images separately. Every model runs exactly as in its
RefCOCO evaluation, with no Ref-L4 tuning.

Baselines. We run every baseline with its released weights
in our harness on exactly our rows. Jag-0.8B is the strongest
open regression-head model; its 2B model is not released.
We score the zero-shot coordinate-token answers of Qwen3-
VL-2B and -4B with their native grounding prompt (greedy,
0-1000 coordinates); these were run on the first 3000 rows
of RefCOCO val, testA and testB, and all systems are re-
scored on exactly those rows for that comparison. We run
the released LocateAnything-3B [25] on all 8 splits with its
model-card single-instance prompt, hybrid parallel box de-
coding, greedy, bf16, batch 1 and native image resolution; on
RefCOCO testA it reaches Acc@0.5 94.04, against the 93.23
reported by Jag. Hi-Token [35] (Qwen2.5-VL-3B with axis-
specific digit tokens) and NExT-Chat-7B [32] (a box decoder
on an LLM embedding) run the same way, each with its re-
leased weights, model-card prompt and greedy bf16 decoding
at the resolution its processor uses; for NExT-Chat we use
the README’s localisation prompt and read the box from its
location decoder, without the mask head.

Latency. One RTX A6000 GPU rented from RunPod, batch
1, 5122-pixel inputs with preprocessing on the GPU, on 256
RefCOCO testA questions. Jag and Locus are timed on the
same 256 images (one question each), CUDA-graphed with
all graphs captured before timing; their graphed paths produce
the same boxes and pass counts as eager execution. The

coordinate-token baselines run in vLLM 0.31 with CUDA
graphs on the same 256 images: Qwen3-VL-2B writing its
full JSON answer, and, decoding only the coordinate tokens
Locus verifies, Qwen3-VL-2B and Locus-2B’s own weights
given the verifier’s prompt with the JSON preamble already
written. Qwen3-VL-2B in Hugging Face eager is timed on
256 of the first 266 testA questions. Qwen3.5-0.8B (Jag’s
base model, with Jag’s base prompt), LocateAnything-3B, Hi-
Token and NExT-Chat-7B are timed on the same 256 images
as Jag, with the inference code and settings of their accuracy
runs. All latencies in this paper are from this one machine.

5 Results

5.1 Comparison with published models

Table 1 places Locus among published grounding models at
Acc@0.5, the one metric all of them report. The one-pass
Locus-2B head averages 90.1 on the 5 test splits. That is above
every published model with at most 3B parameters except
Florence-2-L [28] (91.1): Locate Anything-3B [25] reaches
87.7, Jag-0.8B 88.2 and Qwen2.5-VL-3B [3] 84.7. It is also
above the 7B—13B coordinate-token models Qwen2.5-VL-7B
(86.2), Ferret-13B [30] (85.3) and Shikra-7B [8] (82.5), and
above the specialist Grounding DINO [20] (86.7). Florence-2-
L is pretrained on 126M images with region-level annotations,
and the 72B-78B generalists remain ahead. The largest dif-
ferences between Locus and other models are at higher IoU
thresholds, which this table does not report.

5.2 Accuracy across IoU thresholds

Table 2 compares Locus with the open grounding models we
ran on exactly our rows, and Fig. 3 shows the whole IoU
range; Fig. 6 shows examples. Verification adds most where
a head is weakest. On the same weights, it raises Locus-2B’s
Acc@0.9 from 54.87 (head) to 59.13 (exact), in 5.60 passes
on average, and Locus-0.8B’s from 47.03 to 53.10. Typical
acceptance keeps most of that gain with fewer passes. At
Acc@0.5 the head is the more accurate output (90.01 vs §9.30
at 2B). Against regression heads, Locus-2B’s exact answer
is +10.37 points above Jag-0.8B, the strongest open one, at
Acc@0.9; part of that margin is the larger backbone, and
Section 5.3 compares the two at equal size.

Same resolution. Locus runs at its 640% training budget
and Jag at 5122, The resolution does not explain the gap: at
5122, Locus-2B’s exact answer reaches Acc@0.9 58.10 and
Locus-0.8B’s 51.25, against 48.76 for Jag; given 6402, Jag
reaches 46.71 (Acc@0.5 88.31).

Head and token errors. Verification inherits the precision
of coordinate tokens and the recall of the head (Table 7, which
also reports Qwen3-VL-4B). Without any grounding fine-
tuning, Qwen3-VL-2B’s greedy boxes are already more pre-
cise than every head at Acc@0.9 (59.56, against 48.83 for



Table 1: Acc@0.5 against published grounding models. Rows above “Ours” are the numbers reported by each paper (source
tables are listed in our repository); several papers report only test splits, so the last column averages the 5 test splits, which every
row reports. Our rows (tinted) are measured in our harness. Bold: best, underlined: second best per column, among models
with at most 3B parameters. Training data differ: most models train on the union of the RefCOCO-family training sets, which
contains 46.9% of the evaluation targets (Section 5.4); we exclude every evaluation image.

RefCOCO RefCOCO+ RefCOCOg Mean
Model Params  Output val testA testB val testA testB val test all8 5test
Specialist grounding models
MDETR [14] - detector 86.8 89.6 814 795 841 706 816 809 81.8 813
PolyFormer [19] - polygon tokens 90.4 929 872 850 898 780 858 859 869 86.8
UNINEXT [29] 0.74B  detector 926 943 915 852 89.6 79.8 887 894 889 889
Grounding DINO [20] - detector 90.6 932 882 882 89.0 759 86.1 87.0 873 86.7
Vision-language models (reported)
Shikra-7B [8] 7B tokens 87.0 90.6 802 81.6 874 721 823 822 829 825
Ferret-13B [30] 13B tokens 89.5 924 844 828 881 752 858 863 856 853
NExT-Chat-7B [32] 7B embedding + decoder - 897 770 - 88 662 - 793 - 792
Florence-2-L [28] 0.77B  tokens 934 953 92.0 883 929 836 912 917 91.0 911
Qwen2.5-VL-3B [3] 3B tokens 89.1 91.7 840 824 88.0 741 852 857 850 847
Qwen2.5-VL-7B [3] 7B tokens 90.0 925 854 842 89.1 769 872 872 86.6 862
Qwen2.5-VL-72B [3] 72B tokens 927 946 89.7 889 922 837 899 903 902 90.1
InternVL2.5-78B [9] 78B tokens 937 956 925 904 947 869 927 922 923 924
LocateAnything-3B [25] 3B parallel box tokens - 932 893 - 80 796 - 85 - 877
Jag-0.8B [36] 0.8B regression head — 93.9 884 - 90.7 80.1 - 87.7 — 88.2
Ours (measured)
Locus-0.8B 0.8B head 91.0 93.8 880 856 90.6 80.7 869 87.0 830 88.0
Locus-2B 2B head 93.1 943 90.7 879 919 83.6 887 899 90.0 90.1
Locus-2B 2B head + tokens (rule) 925 940 90.0 87.6 91.7 834 88.0 89.6 89.6 89.7
Locus-2B 2B tokens (verified) 92.1 939 895 873 915 828 878 893 893 894

Table 2: Grounding accuracy, mean over the 8 val and test
splits of RefCOCO, RefCOCO+ and RefCOCQg, all run in
our harness on the same rows. Baselines use their released
weights and model-card prompts at the resolution their pro-
cessor uses ("native; NExT-Chat a 3362 padded square; Jag
5122 pixels); Locus runs at its 6402 training budget. Locus-
0.8B uses Jag’s backbone and training budget. Passes: mean
sequential branch passes per question, including the greedy
steps of the few questions that do not converge within 8 Jacobi
passes. Our rows are tinted.

Model Output Acc@0.517 Acc@0.751 Acc@0.91
Jag-0.8B head 88.16 76.51 48.76
LocateAnything-3Bt box tokens 88.68 80.82 65.55
Hi-Token-3BT digits 87.24 76.93 54.75
NExT-Chat-7B decoder 80.14 53.42 12.48
head (1 pass) 90.01 79.79 54.87
Locus-2B exact (5.60) 89.30 80.31 59.13
a=0.5(343) 89.60 80.49 58.95
head (1 pass) 87.97 75.58 47.03
Locus-0.8B exact (6.68) 87.05 75.93 53.10
a=0.7437) 8717 76.14 53.29

Jag), but 88.53 at Acc@0.5, below every fine-tuned head. The
two output types fail in different ways: tokens miss the object
more often, heads place its edges less exactly. Locus’s veri-
fied answer combines the head’s Acc@0.5 level (91.99) with
token-level precision (60.54). Verification returns exactly the
fine-tuned model’s greedy tokens, whose Acc@0.9 is only
modestly above the zero-shot base’s; the head’s contribution
is a draft from which those tokens are reached in 5.60 passes
instead of 18.46 decoding steps, and, with the agreement rule,
its own Acc@0.5.

Combining head and verifier. The head and the verifier
are good at different things: the head is better at Acc@0.5
(90.01 vs 89.30), the verifier at Acc@0.9. A one-parameter
agreement rule combines them: return the verified box if its
IoU with the draft is at least 7, and the draft otherwise, with
7 = 0.3 chosen on RefCOCO val. It reaches 89.60 / 59.07
at Acc@0.5 / Acc@0.9, keeping nearly all of the verifier’s
high-IoU gain and part of the head’s Acc@0.5 lead. A learned
selector does no better (Section 5.6).

LocateAnything. LocateAnything-3B [25], which decodes
its box tokens in parallel, is more accurate than Locus at high
IoU. Run in our harness on the same rows, it matches Locus-
2B at Acc@0.5 (88.68 vs 89.30) and is ahead at Acc@(.75
(80.82 vs 80.31) and Acc@0.9 (65.55 vs 59.13). The gap
holds on the clean rows (Acc@0.9 61.82 vs 54.78). Given
5122 pixels, fewer than Locus’s 6402, it still reaches Acc@0.9
64.72 (native 65.55; Acc@0.5 88.26). It is larger and was
trained on more than 138 million grounding samples [25],
against our RefCOCO-family training splits.

Beyond RefCOCO. Verification helps on Ref-L4 (Table 3)
as it does on RefCOCO. On COCO images in no training split,
Locus-2B leads Jag at Acc@0.9 (57.09 vs 39.97) and matches
the zero-shot base model (57.07). On the Objects365 images,
by contrast, every RefCOCO-trained model falls far behind
the zero-shot base model: Acc@0.5 is 47.81 for Locus-2B
and 35.84 for Jag, against 74.45.

Other models on Ref-L4. LocateAnything-3B, trained on
far more grounding data, is the best model on Objects365
(77.95, and 68.1 on the smallest quarter of targets) and on
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Figure 3: Accuracy at each IoU threshold ¢, mean over the 8
splits, for the models of Table 2. Locus’s heads are dashed
and its verified answers solid. The gap between a head and
its verified answer opens above ¢t ~ 0.8; LocateAnything-
3B, trained on far more grounding data, is ahead at high
thresholds.

COCO at Acc@0.9 (64.38). Hi-Token, at its processor’s
native resolution, fails on large images: on Objects365 its
Acc@0.5 falls from 40.6 on images under 0.5 MP to 1.9 on
the 1,939 rows above 4 MP, where every other model stays
within ten points of its small-image accuracy.

Small targets. The Objects365 gap is target size. The me-
dian Objects365 target covers 2.4% of the image, against
15.6% in our training data, where none of the 321,327 tar-
gets is that small (1st percentile 4.9%). On the quarter of
Objects365 rows with the smallest targets (at most 1.3%),
Acc@0.5 is 6.2 for Locus-2B, 0.0 for Jag and 61.8 zero-shot.
On the largest quarter (at least 5.8%) the three are close (84.8,
81.5, 86.8). Fine-tuning on RefCOCO alone therefore costs
small-object grounding, for heads and coordinate tokens alike.
The head is hit hardest: Locus-2B’s head reaches 0.0 on the
smallest quarter, and verification recovers only a little of it.

Web photos. On openly licensed web photos with expres-
sions written before either model was run, Locus-2B and Jag
mostly agree; Locus’s boxes are tighter on two of 12 expres-
sions, they disagree on one, and both fail on an object part
(Fig. 7).

5.3 Comparison at equal size and budget

Jag-0.8B is the closest regression-head model, and Locus-
0.8B uses its backbone and training budget. At Acc@(.5,
the head of Locus-0.8B ties Jag (—0.19; pooled McNemar
p = 0.083, image-bootstrap 95% CI [—0.51, +0.08]), and
verification with typical acceptance (o = 0.7) adds +4.52

Table 3: Ref-L4 test: Objects365 rows (images no model
was trained on), COCO rows (only images outside every Ref-
COCO/+/g training split), and all 31,921 rows. Each model
runs as in its RefCOCO evaluation, with no Ref-L4 tuning.
Columns are Acc@0.5 and Acc@0.9. "Native resolution.

Objects365 COCO All
Model @0.517 @091 @051 @091 @0.51T @097
Jag-0.8B 35.8 7.4 892 400 700 339
Qwen3-VL-2B (0-shot) 74.5 327 886 57.1 839 502
Hi-Token-3BT 24.7 1.1 88.0 449 650 359
LocateAnything-3BT 780 495 902 644 862 60.5
Locus-0.8B head 39.3 9.2 89.6 437 712 329
Locus-0.8B verified 422 167 887 505 71.8 39.6
Locus-2B head 40.0 112 919 524 726 387
Locus-2B verified 47.8 181 90.8 57.1 750 440

Locus-0.8B head Locus-2B verified
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Figure 4: Margin over Jag-0.8B on all rows and on clean rows,
pooled over the 8 splits, with 95% image-bootstrap intervals.
Every margin grows on the rows neither model was trained
on.

points at Acc@0.9 (CI [+3.86, +5.35], p = 7.2 x 10712%),
significant on every split. Verification costs Acc@0.5 at this
size (—1.11), unlike at 2B: the 0.8B verifier is weaker than
its own head on easy boxes. A third epoch, more budget than
Jag, brings the head to +0.13 at Acc@0.5, still a statistical
tie (p = 0.39). On all rows, the two are therefore at parity
at Acc@0.5, and Locus is ahead at high IoU. On the rows
neither model was trained on, the equal-budget head is ahead
at Acc@0.5 as well (Section 5.4).

5.4 Evaluation on clean rows

Of the evaluation rows, 46.9% ask about an object that is in
another RefCOCO-family dataset’s training split, so a model
trained on the union of the three training sets, as most models
in Table 1 are, has seen it under other expressions. Our train-
ing set excludes every evaluation image. On the remaining
clean rows no model in our tables has seen the target. Fig-
ure 4 (exact intervals in Table 9) repeats the regression-head
comparison of Section 5.3 on them; Jag is trained on the
union. It loses more on clean rows than Locus does (8-split
mean Acc@0.5 88.16 — 85.07, against 90.01 — 88.01 for the



Table 4: Latency and accuracy, all on one RTX A6000, batch
1, 256 RefCOCO testA questions, end to end from the image
file to the parsed box. Inputs are 5122 pixels except 'native
resolution and *a 3362 padded square, as each model’s own
processor requires. Engine: eager or CUDA graphs (Py-
Torch), HF (Hugging Face generate, eager), own (the authors’
released inference code, eager) or vLLM (CUDA graphs).
“Coord. only”: the verifier’s prompt with the JSON preamble
already written, as in Locus’s verification; with Locus-2B’s
weights the greedy answer is Locus-2B exact’s, whose ac-
curacy is shown (—: not run on the accuracy rows). Steps:
sequential forward passes after the image prefill (Locus: the
head branch plus verifier passes; token models: generated
tokens; — not exposed by the model’s generate). Acc@0.5
and Acc@0.9: first 3000 rows of RefCOCO val, testA and
testB, for Locus from runs at the timed 5122 pixels. Bold:
best, underlined: second best; our rows are tinted.

System Engine ms] Steps @0.517 @091
One RTX A6000, batch 1, end to end

Jag-0.8B eager 531 0.0 0915 48.8
Jag-0.8B graphs 203 00 0915 48.8

Qwen3-VL-2B tokens HF 1484.6 41.8 88.5 59.6
Qwen3-VL-2B tokens VLLM  297.2 41.8 88.5 59.6
coord. only vLLM 1509 183 - -
Locus-2B, coord. only VLLM  151.6 183 91.6 58.5
Qwen3.5-0.8B tokens HF 12432 467 79.8 429

Hi-Token-3BT HF 5777 180 903  53.6
LocateAnything-3BT  own 347.5 - 915 66.9
NExXT-Chat-7B* own 436.7 - 841 12.4

Locus-0.8B head
Locus-0.8B a=0.7
Locus-0.8B exact
Locus-2B head
Locus-2B a=0.5
Locus-2B a=0.7
Locus-2B exact

graphs 255 1.0 909 45.7
graphs 57.1 5.1 89.8 51.5
graphs 63.5 6.1 89.7 51.4
graphs 43.5 1.0 924 54.7
graphs 843 44 918 581
graphs 903 49 917 58.6
graphs 1022 59 916 58.5

Locus-2B head), and every margin grows. At equal size and
budget the Locus-0.8B head is now ahead at Acc@0.5, +-0.50
(CI [+0.07,4-0.94], McNemar p = 0.0049), and the verified
answers gain +10.18 points at Acc@0.9, against +4.42 on
all rows. At 2B the verified Acc@0.9 gain is +15.66 points.
Clean rows are harder for every model, including the untuned
base model, so the drop alone does not show memorisation.
On clean rows, however, neither system has seen the target
object in training, so we consider this comparison the fairer
one.

5.5 Latency

In latency, Locus sits between a regression head and a
coordinate-token decoder (Table 4 and Fig. 5). Jag, Locus
and the vLLM baselines share the same engineering: CUDA
graphs and preprocessing on the GPU. A pure regression
head is faster: Jag-0.8B takes 20.3 ms and Locus-0.8B’s head
25.5 ms, because Locus runs an image prefill followed by a
question branch where Jag runs a single forward pass, and ver-
ification multiplies that cost by the number of passes. Against

60 - A
53 .«.'. exact ¥
56 -
S o*head
= 54 i ca
)
=)
© 52 .
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< 50 -
4
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46 7 W head
I r —_— I I
20 50 100 200 300
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¢ Jag-0.8B

Figure 5: Acc@0.9 against measured latency (RTX A6000,
batch 1, 256 RefCOCO testA questions, every system with
CUDA graphs). Each Locus line runs from the one-pass head
through typical acceptance (o = 0.5, 0.7; 2B only for 0.5)
to exact verification. Accuracy is on the first 3000 rows of
RefCOCO val, testA and testB, where the coordinate-token
baseline was run, with Locus at the timed 5122 pixels. Qwen3-
VL-2B decodes its full JSON answer (41.8 tokens on average)
in VLLM.

coordinate-token decoding the order reverses. The like-for-
like reference is Locus-2B’s own weights served by vLLM,
given the verifier’s prompt with the JSON preamble already
written, so that it decodes exactly the 18.3 coordinate tokens
Locus verifies and returns the same greedy box: it takes 151.6
ms, and Locus-2B exact takes 102.2 ms, 1.5 faster. (The two
engines round differently in bf16: at 6402 pixels 47% of the
boxes are identical and 91% within 5 units of the coordinate
grid, the same kind of difference as between two greedy runs
in one engine, Table 8.) Answer length matters more than
the engine: the base model decoding only its coordinates in
VvLLM takes 150.9 ms, and writing its full JSON answer (41.8
tokens) 297.2 ms, 2.9 x Locus-2B exact. Locus is thus slower
than a pure regression head and modestly faster than decoding
the same coordinate tokens.

Released grounding models. Measured on the same GPU,
the released LocateAnything-3B, Hi-Token and NExT-Chat-
7B models take 347.5, 577.7 and 436.7 ms, against 43.5 ms for
the Locus-2B head and 102.2 ms for exact verification. They
run their authors’ inference code without CUDA graphs, so
with the same engineering each would be faster than measured
here. These numbers are therefore only indicative.

Several questions per image. Locus prefills the image once
and runs every question as a branch, so its head costs almost
the same for one question as for eight (43.7 vs 53.1 ms, Ta-



Table 5: Latency (ms, end to end, batch of one image) with
@ questions about the same image, on 128 RefCOCO testA
images that have at least 8 expressions; same GPU and en-
gineering as Table 4. Jag has no shared prefill and is served
the faster of () graphed requests and one batch of Q. Typical:
a = 0.5.

Jag-0.8B Locus-2B

Q head head typical exact

1 20.2 437 798 945
2 37.4 445 940 1170
4 71.6 46.7 1233 163.8
8§ 1273  53.1 197.1 2873

per question at Q = 8
8 15.9 6.6 246 359

ble 5), 6.6 ms per question at () = 8 against 15.9 ms for Jag,
which must encode the image with every question. Jag re-
mains faster at () < 2. Verification gains less: the questions
of one image are verified together, and the request waits for
the slowest of them (10.3 sequential passes at ) = 8, includ-
ing greedy steps after the cap of 8), so exact answers cost
35.9 ms per question at ) = 8, still more than Jag’s head.

5.6 Ablations

Table 6: Ablations on adapter placement, adapted modules,
and joint versus separate training. Mean over the 8 splits. All
variants but separate train the head and the verifier jointly, as
one model; tinted rows are the configurations we report as
Locus. I Evaluated on a different inference path; pass counts
are only comparable within a path.

Head Verified (exact)
@0.57T @091 @0.51 @0.91 Passes |
QOwen3.5-0.8B, 36k steps (2 epochs)

Variant

Joint aLoRA 87.36 33.58 86.36 49.79 7.98

Dual LoRA 88.06 45.72 86.81 5252 7.22
+ merger LORA 87.87 46.13 86.65 5272 17.30

Dual full FT (Locus) 87.97 47.03 87.05 53.10 6.68
separate head, verifier 87.66 46.64 86.18 52.25 6.47
54k steps (3 epochs) 88.29 48.86 86.99 5223 6.82

Qwen3-VL-2B, 12k steps unless stated

Joint aLoRA 88.70 37.57 88.05 60.29 -t

Dual LoRA 89.73 43.09 88.74 60.29 7.07
+ merger LORA 89.81 44.80 88.78 60.51 6.86

Dual full FT, 36k steps (Locus) 90.01 54.87 89.30 59.13 5.60

Dual mode vs aLLoRA. With an activated LoRA the image
states stay those of the base model, and only the box and
verifier branches are adapted. This is cheap to serve but
costs the head most of its precision: at 0.8B the alLoRA head
reaches 33.58 Acc@0.9 against 45.72 in dual mode, and at
2B 37.57 against 43.09 (Table 6). Adapting the image prefill
matters for a head that reads one token’s state, much less for
the verifier, which writes the box token by token: the verified
Acc@0.9 differs by at most a few points across all variants.

At 0.8B the alLoRA draft also agrees less with the verifier
(7.98 vs 7.22 passes).

What to adapt. A LoRA on the vision merger mainly sharp-
ens the 2B head (Acc@0.9 43.09 — 44.80) and leaves the
verified answers almost unchanged; at 0.8B it moves every
number by less than half a point. Full fine-tuning of the lan-
guage model and merger, as Jag does, gives the best 0.8B head
and verifier at Acc@0.9. At 2B, full fine-tuning for 2 epochs
lifts the head much further (Acc@0.9 44.80 — 54.87) and
cuts the passes from 6.86 to 5.60, while the verified Acc@0.9
moves little (60.51 vs 59.13); we use it as Locus-2B. A third
epoch improves the 0.8B head further (88.29 / 48.86) but
exceeds the 2-epoch budget of Section 5.3.

Separate head and verifier. Training the head and the veri-
fier as two models, each fully fine-tuned for 36k steps (twice
the training compute), does no better than one joint model:
head Acc@0.5 87.66 vs 87.97, verified Acc@0.5 86.18 vs
87.05 and Acc@0.9 52.25 vs 53.10, at a similar pass count
(6.47 vs 6.68; Table 6). The pair also needs two image prefills
and two copies of the weights at inference.

Typical acceptance. Figure 5 and Table 10 sweep «. Low-
ering it moves the answer towards the head: Acc@0.5 rises
towards the head’s, Acc@0.9 falls towards it, and the pass
count drops from 5.60 to 2.64. o = 0.7, chosen on RefCOCO
val, costs Acc@0.9 only 59.13 — 59.24 for 4.04 passes.

Two further ideas did not help, a learned head-versus-
verifier selector and distilling the head on the verifier’s own
greedy boxes (Appendix A.2).

6 Limitations and Conclusion

Limitations. Locus is slower than a pure regression head
with equal engineering, and verification adds passes in pro-
portion to how often the draft is wrong. At 0.8B the verifier
lowers Acc@0.5, so the method’s benefit at that size is high-
IoU accuracy only. Its boxes are at most as tight as the model’s
own coordinate tokens, and LocateAnything-3B, larger and
trained on more data, remains ahead at high IoU even at 5122
pixels. Exactness holds for the adapted model’s greedy de-
code, not for any other model, and typical acceptance gives it
up. In bf16 it holds only up to rounding: most verified boxes
differ from a greedy run by a unit of the coordinate grid, as
greedy runs with different batch shapes differ from each other.
Dual mode needs a second prefill when one request mixes
box and non-box questions on the same image. We train on
RefCOCO-family data only. On Ref-L.4’s Objects365 images,
where half the targets are smaller than every RefCOCO-family
training target, Locus-2B reaches Acc@0.5 47.81 where its
zero-shot base model reaches 74.45 (Table 3); Jag drops the
same way. Adding training data with small targets may close
this gap; we have not tested it. Our backbones stop at 2B.



Conclusion. A regression head and coordinate-token decod-
ing fail in different ways: the head usually finds the object,
and the tokens place its edges. Locus treats the head as a
speculative drafter for the model’s own coordinate tokens,
so the answer is the model’s greedy box, reached in 5.60
passes, each checking every token in parallel, instead of 18.46
decoding steps. This recovers the high-IoU accuracy that
regression heads give up (Acc@0.9 54.87 — 59.13 at 2B on
the same weights, and +4.52 points over Jag at its size and
budget, with typical acceptance), and the answer is exact up
to the rounding that affects greedy decoding equally. The
same recipe could apply wherever a cheap head can draft a
short structured answer that a VLM would otherwise decode
token by token, such as points, keypoints or several boxes per
expression; we leave these, and larger backbones, to future
work.
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A Supplementary material

A.1 Additional tables

Table 7: Coordinate-token decoding without grounding fine-
tuning, on the first 3000 rows of RefCOCO val, testA and
testB (mean of the three), with every system scored on ex-
actly these rows. The Qwen models’ pretraining includes
RefCOCO training data.

Model Output Acc@0.517 Acc@0.751 Acc@0.971
Qwen3-VL-2B, zero-shot tokens 88.53 79.52 59.56
Qwen3-VL-4B, zero-shot tokens 90.60 81.44 61.92
Jag-0.8B head 91.50 78.81 48.83
Locus-0.8B head 91.46 78.57 47.46
verified  90.30 78.84 53.97
Locus-2B head 93.09 82.58 55.81
verified  91.99 82.86 60.54

Table 8: Exactness in floating point (Locus-2B, RefCOCO
val; the 505-row runs are its first questions). Differ: % of
boxes with any coordinate different; >10: % whose largest
coordinate change of at least 10 on the 0—1000 grid. Passes:
mean verifier passes, against 18.44 greedy steps.

Compared Path Rows Differ >10 Passes
ver. vs. greedy graphed, bf16 10,834 354 2.9 5.41
ver. vs. greedy eager, bf16 505 386 14 5.66
ver. vs. greedy eager, fp32 505 0.0 00 4.39
greedy vs. greedy batch 2/1 505 489 28 -
greedy vs. greedy eager/graphed 505 513 3.6 -
greedy vs. greedy bf16/fp32 505 56.6 5.0 -

Table 9: The comparison restricted to evaluation rows whose
target object is in no RefCOCO-family training split (46.9%
of rows are excluded). Pooled over the 8 splits, row-weighted,;
CI from a bootstrap over images.

A vs Jag-0.8B, clean rows (95% CI)

Model Output Acc@0.5 Acc@0.75 Acc@0.9
Locus-2B head +2.95 +5.90 +11.03
[+2.50, +3.46] [+5.15,46.68] [+9.98,+12.13]
verified +2.35 +6.65 +15.66
[+1.87,+2.89] [+5.88,+7.48] [+14.58,+16.80]
Locus-0.8B  head +0.50 +1.08 +3.58
[+0.07,4+0.94] [+0.41,+1.79]  [+2.70,+4.57]
typical —0.10 +2.07 +10.15
[—0.58,+0.40] [+1.36,+2.81] [+9.18,+11.16]

Table 10: Effect of the typical-acceptance threshold v (Locus-
2B, mean over the 8 splits).

Acceptance

Acc@0.57T Acc@0.751 Acc@0.91 Passes]

exact (aw = 1)
a=0.7
a=0.5
a=0.3
head only

89.30 80.31
89.44 80.37
89.60 80.49
89.77 80.53
90.01 79.79

59.13
59.24
58.95
58.39
54.87

5.60
4.04
3.43
2.64
0
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A.2 Negative results

Learned selector. The agreement rule uses one feature. We
also trained a small MLP on RefCOCO val to choose between
the draft and the verified box from the head confidence, the
pass count, the draft—verified IoU and the box geometry (5
seeds). On the 7 held-out splits it matches the rule at 2B
(89.44 /58.49 vs 89.18 / 58.67 at Acc@0.5 / Acc@0.9). At
0.8B it gains Acc@0.5 over the rule (87.33 vs 86.97) but stays
below Jag (87.71). Which of the two boxes is better is hard to
predict from these signals, so we keep the rule.

Drafter distillation. Training the 2B head on the verifier’s
own greedy boxes instead of the ground truth should make
drafts easier to accept. On RefCOCO val it changes the pass
count only from 6.85 to 6.76, with the same accuracy (91.10 /
63.56 vs 91.10/ 63.62). A regression head rarely lands on the
verifier’s exact integers: across the 8 splits, 0.02% of Locus-
2B drafts match all four greedy integers and 9.0% match at
least two, so nearly every question needs a correction pass
whatever the head is trained on.



“blurry person in back” “big tie” “large dark item next to car” “black and blue backpack™

ToU: Jag 0.53, Locus 0.91 ToU: Jag 0.00, Locus 0.93 ToU: Jag 0.59, Locus 0.90 ToU: Jag 0.94, Locus 0.24

L-2-7 ground truth === Jag-0.8B === Locus-2B (verified)

Figure 6: Jag-0.8B and Locus-2B (verified) on RefCOCO and RefCOCO+ test questions. The first three columns are the first
questions in split order where Locus’s IoU exceeds 0.9 and Jag’s is below 0.6; the last is the first where Locus fails (IoU < 0.4)
and Jag succeeds (IoU > 0.8). To skip typos and slang in the crowd-written expressions, only expressions whose every word
occurs at least 100 times in the training expressions are eligible. Crops are centred on the three boxes.

“white van”

“woman in the teal shirt”

“stack of red plastic crates” “cyclist with the pink scarf”

“brown dog” “white and brown dog”

“woman harvesting rice” “her blue headscarf”
-

== Jag-0.8B === [ ocus-2B (verified)

Figure 7: Jag-0.8B and Locus-2B (verified) on openly licensed photos from Wikimedia Commons, at the same 5122-pixel budget.
The 12 expressions were written before either model was run, and every result is shown; there is no ground truth, so we make no
accuracy claim. The two models mostly agree; Locus’s boxes are tighter for “woman in the teal shirt” and “stack of red plastic
crates”, they disagree on “floor lamp on the right”, and both return the whole person for “her blue headscarf”. Images (left to
right, top to bottom, two expressions each): Fruit Market, Old Kathmandu by Sundarl (CC BY-SA 3.0); Amsterdam cyclists by
Fons Heijnsbroek (CCO0); Person cooks in a cozy wooden kitchen by Shixart1985 (CC BY 2.0); Dogs playing 001 by Sardaka
(CC BY-SA 4.0); Living room with 1960s objects by Kotivalo (CC BY-SA 4.0); Farmer manually harvesting rice in Raichur,
Karnataka by Nanditha Gogate, WELL Labs (CC BY-SA 4.0).
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